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ABSTRACT

Ontology evaluation is a maturing discipline with methaupés
and measures being developed and proposed. However, isalua

methods that have been proposed have not been applied to spe

cific examples. In this paper, we present the state-of-thir@n-
tology evaluation - current methodologies, criteria anchsuees,
analyse appropriate evaluations that are important to pplica-
tion - browsing in Wikipedia, and apply these evaluationghe
context of ontologies with varied properties. Specificalg seek
to evaluate ontologies based on categories found in Wikaped

Categories and Subject Descriptors

H.3.4 [Systems and Softwarg Performance evaluation (efficiency
and effectiveness)

General Terms
Experimentation, Measurement, Performance

Keywords
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1. INTRODUCTION

Ontology evaluation techniques are improving as more nreasu
and methodologies are proposed. However, few specific deamp
of these evaluations have been found in literature. Thasge;
cific examples of ontologies, applications and their resients,
measures and methodologies to link these together in oresiveh
evaluation. This could partly be due to the lack of good myms
made available publicly.

An ontology is an explicit model of a domain of knowl-
edge consisting of a set of concepts, their definitions atet-in
relationships [17]. Parties committo an ontology and agpem its
definitions and assertions. An agreement with an ontologglled
an ontological commitmenf8]. McGuiness describes the spec-
trum of ontology specifications from simple ontologies toust
tured [14]. Simple ontologiepossess at the least a finite con-
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trolled vocabulary, unambiguous interpretation of classed term
relationships, and strict hierarchical subclass relatigqps between
classes, for example, the Yahoo categorigsuctured ontologies
take the simple ontology further and include more specifimfo
of expressivity and constraints on concepts and relationgedl as
axioms and equivalence mappings. The difficulty with sormgp
ontologies is that they tend to be loosely defined, small dteho
not agreed upon.

Recently, Wikipedia has become a medium for allowing users t
contribute to articles on numerous subject areas over the VW
Each article in Wikipedia can be accessed using its categjoug-
ture. The Wikipedia category structure is equivalent torapse
ontology according to our definition above. However, in casttto
other simple ontologies it is a real application used by massrs
and one that is constantly refined by Wikipedia editors.

In this work, we consider domains in Wikipedia category Gtru
ture as ontologies and seek to perform ontology evaluatiea-m
sures proposed in the literature on them. Specifically, e ta
task-based approach in our evaluation in the context of &irayv
articles using the category structure. Section 2 introglWkipe-
dia and its category structure, and highlights its needsequire-
ments in the context of browsing. Section 3 briefly discusgest
browsing is. In Section 4, we look at existing ontology ewadion
approaches, criteria and measures proposed in litergifter. dis-
cussing the requirements of the Wikipedia categories icdimeext
of browsing and existing evaluation techniques in literatwe dis-
cuss and analyse which evaluation measures apply. Secti@n6
presents our task-based evaluation involving users anépatron
our findings from that user study. Lastly, Section 7 conciutifes
work and discusses some future work to pursue.

2. WIKIPEDIA

Wikipedia is a multi-lingual online encyclopedia writteroin
volunteer contributions around the world. Since 2001, & ¢pawn
into a large pool of information with topics ranging from,adch-
nology to pop. In the English language, it has over 1.7 nilto-
ticles. Whilst anyone can add their contributions, theysangect
to guidelines set by editors to ensure neutrality and tHatima-
tion is verifiable. The nature of Wikipedia lends itself faeus to
find information on a wide range of topics. It is also an ongoin
and evolving application where information is continuguséing
updated, edited and discussed.

Apart from the article text, Wikipedia articles have vasoueta-
data attached to them. Within an article, it may contain hiyqies
to other related articles, external web pages, as well apomsre
related categories. These categories are organised antuséd to
allow users to browse their way around to find related infdroma

Wikipedia’s category structure may be seen as an informduiio



erarchy. Itis by no means a strict and logically groundealogty
as it has many inconsistencies and is loose in its definitioBla-
tionships. However, it can be seen as a simple ontology rréthe
a formal one, as it has an explicit, shared and agreed uparepen
tualisation. In this manner, it can be seen as one of thedapgsblic
ontologies available on the web having a large coveragdafira-
tion, utilised by many users and is constantly evolving. ldeer, it
is not without any guidelines or requirements for its speatfon,
which we discuss next.

2.1 Requirements of Wikipedia categories

The editors of Wikipedia have established guidelines foictvh
categories are to be created (refer to online guidetinebhe Wi-
kipedia category structure is not complete nor is it a perdee.
However, these categories allow users to navigate aroufiddo
related information. Hence we adopt the Wikipedia categtmyc-
ture as our dataset and derive task domain for our ontologlyev
ations from it. We elaborate on the requirements of the Vitip
categories drawn from the editors guidelines below.

Specifically, the requirements are:

1. Allowing intersecting category structure.
In Wikipedia, multiple views of categories exist at any one
time. The rationale is for the category structure to be lyighl
intersecting. This allows users to browse alternate buesom

what related domains and sometimes articles that they may

not have expected to encounter but may find useful.

2. Group similar articles.
Categories help users find information on Wikipedia. Given
an article, users are able to view similar articles by logkin
up its associated categories.

3. Categories should have the ‘right' number of subcate-

differentiatesearchfrom browseby the clarity of user goals. In
search users enter keywords into a system that is related to their
information need. They are then presented with a list ofltetie
system returns as related and users can decide to select thee o
results or refine their search query. In comparison to bisysing
displays a different type of behaviour. There may not be aifipe
query as such associated. However, answers to user goais-and
formation needs can be readily recognised in a browsingigcti
Thus, it is the clarity and mode of accessing this infornratizat
differs inbrowse

There are a different kinds of browsing. Marchionini [13%di
cusses these types of browsing from a directed browse todin un
rected browse. A directed or intentional browsing behavieusu-
ally associated with tasks that arkvsed or specific These refer
to a task where there is usually not more than a few answeheto t
information need. On the other hand, an undirected browsg-is
ploratory in nature and its browsing behaviour is assodiatéh
tasks that are morepen or broad. These refer to a task where
there may be many answers to the information need.

4. ONTOLOGY EVALUATION

Having introduced the Wikipedia categories as a simplelento
ogy and its requirements, we now look at some methods of on-
tology evaluation. In this section, we will introduce the &im
approaches to ontology evaluation, criteria for ontologgigation
and proposed measures from literature. We will then seelateim
these methods of ontology evaluation to the requirementhef
Wikipedia category structure in the next section.

With the increase of ontologies being made available via the
WWW, evaluating which ontology is suitable becomes a proble
It is difficult to discern whether one ontology is better ttzarother.

If one is picked, it will lack definitions, axioms or relatisrequired

gories. Given a category, the number of subcategories needs in a domain or application. If none is found to be suitablepan

to be balanced. There should be a sufficient number of cate-

gories to facilitate effective browsing. On the other hand,

tology may need to be built from scratch. However, the predes
which ontologies are specified can && hocat times. Whether an

many subcategories will impede the user experience as theontology is to be selected from a set of candidate ontologies

user needs to consider a large number of subcategories.

. Avoiding cycles in the category structure.
Wikipedia does not prevent cycles in its category structure
but the editors strongly discourage them. In general, they
are not helpful for users as it can be confusing. In addition,

ontology is to be constructed, methods for evaluating it&bilk

ity and applicability are needed. However, what are the méan
evaluating an ontology? In this section, we will discuss rifeEn

approaches in ontology evaluation, some criteria for agfiels and
some measures that have been proposed in literature.

cycles may impede some automated processes in its use of4 1 Ontology Evaluation Approaches

the category structure.

The type of information gathering activity, in using and ioa-
ing the Wikipedia category structure, fits with the chardastes
of browsing more than it does with search. We will consider th
distinction between these in the next section.

3. BROWSING

Browsing is affected by theser’'s knowledge of the domain
and thespecificity of the browse task. It is characterisedrbgve-
ment. Thompson and Croft [16] describe browsing as an “informal
or heuristic search through a well connected collectiorecbrds
in order to find information relevant to one’s need”. In a bsovg
activity, users evaluate the information that is currediplayed,
its value to the information need, and what further actiotate.
Thus, it is an informal search through a connected collactib
documents.

A browsing activity is distinguished fromsearchactivity. Both
have goals in mind, however, Baeza-Yates and Ribeiro-NBto [

Thttp://en.wikipedia.org/wiki/Wikipedia:Category

There are 3 main approaches to ontology evaluation:

Gold standard evaluation This approach compares an ontology
with another ontology that is deemed to be the benchmark.
Typically, this kind of evaluation is applied to an ontology
that is generated (semi-automatically or according tolea
ing algorithm) to compare whether the process of generating
the ontology is effective. Maedche and Staab [12] give an ex-
ample of a gold standard ontology evaluation. They propose
ways to empirically measure similarities between ontaegi
both lexically and conceptually. The measures are based on
the overlap in relations — Generic Relation Learning Ac-
curacy measure. These measures determine the accuracy of
discovered relations generated from their proposed ogyolo
learning system compared with an existing ontology.

Criteria based evaluation This approach takes the ontology and
evaluates it based on proposed criteria [5]. These criteria
clude consistency, completeness, conciseness, expétydabi
and sensitivity, and depend on external semantics to parfor
the kind of evaluation that only humans are currently able



to do. However, it is difficult to construct automated tests These criteria are:

to compare ontologies using such criteria [2]. Also, these 1. Clarity 5. Correctness
criteria focus on the characteristics of the ontology irdso 2. Consistency 6. Completeness _
tion from the application area. Hence, while ontology ciite 3. Conciseness 7. Minimal Ontological Commitment

may be met, it may not satisfy the needs of the application 4. Expandability 8. Minimal Encoding Bias
despite t_he fact that some_application area needs may COIme-  gafore we can apply criteria to the requirements for the Yéki
spond with the ontology criteria. dia categories, we need to discuss evaluation measurelsiaiva

Task-based evaluation This approach evaluates an ontology based Méasures may help us to determine which criteria is appédab
on the competency of the ontology in completing tasks. In the requirements.

taking such an approach, we can judge whether an ontology 4.3 Ontology Evaluation Measures
is suitable for the application or task in a quantitative mem '

by measuring its performance within the context of the ap- ~ Ontology evaluation measurese a quantitative means in as-
plication. The disadvantage of this approach is that arueval ~ S€SSing various aspects of an ontology. Gomez-Péreaifhes
ation for one application or task may not be comparable with list of measures looking at possible errors that could feani

another task. Hence, evaluations need to be taken for eachWith regards to ontology consistency, completeness andisen
task being considered. ness. Brewster et al. [2] propose measures for analysinghethe

an ontology has the right ‘fit’ over a given domain by applyouy-
Also, ontologies can be measured in various ways. What is mea erage measures like precision and recall over a corpussetiag
sured may not necessarily tell us much nor evaluate theamtah the domain. Gangemi et al. [4] present a suite of measuresifug
a very meaningful manner either. on structure, function and usability of an ontology. Teetial. [15]

. . propose measures to evaluate an ontology’s capacity oefiiat
4.2 Ontology Evaluation Criteria for knowledge representation”. The latter two focus ongtrac-

Various criteria have been proposed for the evaluation tdlon tural aspectsof an ontology. In our evaluations, we will be con-
gies as listed in Table 1. These criteria can be used to aestlna sidering measures presented by Tartir et al. [15] andsthestural
design of an ontology and in aiding requirements analysis. measure$rom Gangemi et al. [4] as a means for analysing the Wi-

kipedia requirements. Below we summarise and collate timse

Researcher | Proposed Criteria Table 2. Also, some of these measures are equivalent. These a

Gruber [7] Clarity presented in Table 3.

Coherence
Extendibility Tartir et. al [15] Gangemi et al. [4]
Minimal ontological commitment Schema Classes & Instances
Grininger and Fox [9] gg::q”;glt::f;dmg bias Relc_ationship richness No. Classes
Gomez-Pérez [5] Consistency Attrlb_ute rlch_ness N0: Leaf Classes
Completeness Inheritance richness Unique No. Instances
Conciseness Avg. Instances per class
Expandability Knowledge base - Instance Max. Instances per class
Sensitiveness Class rlchness

Guarino [10] Correctness (Identity & Dependence) _ Avg. Population Breadth

Guarino and Welty [11] Correctness (Essence, Rigidity, Identity & Cohesion Absolute, Avg. & Max.
Unity)

Depth
Table 1: Proposed Ontology Evaluation Criteria Knowledge base - Class Absolute, Avg. & Max.
mﬁgg::ce Parents & Children

No. Parent Classes
No. Children Classes
Avg. Children per Parent

Some of these criteria can be successfully determined asing
tology tools. Reasoners, such as FaCT and RACER, provide the
means to check for errors in ontologies, such as redundanste

Inheritance Richness (c)
Relationship Richness (c)

inconsistencies between definitions and missing defirsitioAd- Connectivity Max. Parents for any

ditionally, Dong et al. [3] have used existing software emrgiring Readability given child

tools and techniques to check for errors in ontologies imitigary

domain. Fanout factor
Some criteria, such agarity andexpandability can be difficult Tanglgdness

to evaluate as there are no means in place to determine there- M Density

over, while thecompletenesef an ontology can be demonstrated, Degree dIStflbUtlon

it cannot be proven. Meta & Logical adequacy
Other criteria can be more challenging to evaluate as thgy ma Table 2: Structural measures

not be easily quantifiable. They require manual inspectiothe

ontology. For examplegorrectnessrequires a domain expert or ) )

ontology engineer to manually verify that the definitions eprrect Tlﬁﬁgrﬁ;ite[lr?ghness Ganger'r::laer:oatlj.t [4] Gomez-Perez [6]

with reference to the real world. This may not always be fdasi Cohesion Modularity

for a large ontology or even a repository of many ontologies. Logical adequacy ~ Consistency measures
Upon analysis, some of the criteria proposed by the differen Meta-logical adequacy Semantic

searchers address similar aspects when evaluating oigslagd inconsistency

do overlap. We have previously described existing criteria _
posed in literature and summarised these as 8 distinctiar|ts]. Table 3: Equivalent measures



Despite advances in this area, there may not be a completé set

measures for all aspects of an ontology. As in the case afiatrah
criteria, there may be parts of an ontology which are simmly n

In light of this, we perform an analysis to obtain measuregiwh
directly addresses requirements from our application -ip¥ittia.

We would still find some measures which will not directly noly

measurable. For example, we cannot prove whether an ogtolog address each requirement but at the very least, these resaser

is complete [6]. There may also be other aspects that areudiffi

to measure in an ontology. For example, how do we determine

quantifiable.

adequatexpandabilitp Having ontology measures does not mean 5.1 Measures analysis

that it is significant or important to us.

Measures that are feasible but done in isolation are not as-me
ingful compared with measures put into the context of intdica
and benchmarks from application requirements or needs. XAn e
ample is comparing various ontologies for adequaieeragein
a domain or performance measures in an application deplayme
The coverage or performance measures taken in the contéhx of
application give meaning to the measures taken.

We will elaborate on the less intuitive proposed meastifas-

glednesaindfanoutmeasures are related to how each category ex-

pand up with its parents and downward with its children. Mees
looking atrelationship richnessattribute richnessclass richness
average populatioriook at the quality of the overall ontology or
knowledge base (if we include instances of class€gnnectivity
andcohesiorlook at relations in the ontology. The definitions are
drawn existing work [4, 15], which we will consider in our dysis
are shown in Figure 1.

Fanout factor (leaf to nodes) = %‘gg%ses

teG/\Eal,aZ(isa(m,al)/\(isa(m,az))
NG
where ng is the cardinalty of G and

teGAHal.aZ(isa(m.ql)/\(isa(m,az;% is the cardinality of the
set of nodes with more that

Tangledness—

For brevity, we will be presenting measures which would par-
tially or directly address the requirements.

5.1.1 Measures which address requirements

Depth / Breadth / Fanout.
These address requirement 3, having the ‘right’ number bbf su
categories. There may be cases where extremes in theseragasu

will indicate that it may not be ‘right’, for example, highdmadth or
fanout. This may indicate that there are too many subcatgtor

a given category. In another example, high depth and lowdtinea
may indicate too much categorisation happening or an inéetep
set of subcategories at each level.

Tangledness.

Tangledness measures something of the distribution ofipfeslt
parent categories. This measure may help us understanchtew i
sected the category structure is.

Degree distribution / Density.

Degree distribution and density are related measures am-as
tain the probability a vertex has a certain ‘degree’. Thatlhe
sum of parent categories and child categories. It may heligate
an ineffective subcategory structure if it is too dense drdemse

one ingoing isa arc in graph g. enough. This may address the requirement of ‘right’ number o

That is, proportion of nodes that have more than one parent sypcategories.

to all nodes in the graph.

S — No.Relations
— No.SubclassesNo.Relations

Relationship richnes

No.AttributesinAllClasses

Attribute richness NoClasses

No.ClassesWithinstances

Class richness= TotalNaClasses

: __ No.nstances
Avg. population = “gociasses

_ NolnstancesBelongingToSubtree
- No.Instances

Importance

Connectivity = No. Instances of other classes connected to in-

stances of a given class

Cohesion = No. Separate Connected Components
Figure 1: Elaborated measures

5. MATCHING REQUIREMENTS

Our initial intention was to map requirements to criteria ani-
teria to the relevant measures. However, mapping criterigoé

Cohesion / Modularity.

This measure gives the number of ‘islands’ or disjoint sédts o
categories. This could indicate that a more cohesive osgénhn
of the categories is required. However it is unlikely to emnter
disjoint category sets in a subtree of Wikipedia. All catégmlead
to the root category.

Importance / Connectivity.

Importance measures the distribution of instances in aeglbt
The assumption is that if a class subtree has more instaih@es,
dicates that it is more important than another subtree thes dot
have as many instances.

Connectivity indicates which nodes are highly connected.

An emerging pattern could be that the more highly connected
categories will be general ones — like history, arts, infation.
Perhaps in combination, importance and connectivity cdlig
suggest relevant categories that may allow a more inténgestruc-
ture.

measures proved difficult. Some measures do not resolveyto an Class richness.

criteria, for examplegonnectivityandimportance Some measures
cover a range of criteria but not completely, for examgkpthand
breadth These two measures relatedetapandabilitybut the rela-
tion is limited. Some criteria are difficult to quantify, fexample,
correctnesscompletenessogical adequacyandminimal ontolog-

ical commitment Furthermore, some measures are relevant to the

requirements but do not resolve to any criteria, for examjle-
gledness

Class richness measures the number of classes that aseditili
by looking at the instances that have been attributed to tfidmnis
may highlight those classes that do not have articles. Afjhan
Wikipedia it is unlikely for a category to be without an asisted
article (if we took articles to be instances of a category).

Circularity error.
Measuring circularity errors would address requirementalbid-



ing cycles within the category structure. However, we capidav
cycles by simply removing them. Hence, this measure is té lit
impact in our evaluations.

Table 4 shows a summary of measures that satisfy the reqeritsm
outlined in our application domain.

5.1.2 Measures not considered

Relationship richnesand attribute richnessmeasures are not
considered because, with regards to Wikipedia, there a@ther
relationships between categories besides: a) parent édladceke-
gories; b) attributed articles to categories; and c) limksnf within
article text to categories.

The readability measure is also not considered because the cat-
egory structure does not have annotations regarding thgndeb
the structure itself.

5.1.3 Measures addressing requirements

Of the measures indicatetdnglednesaddresses requirement 1
directly. Regardinganglednessa highly tangled ontology would
not be desirable for structured ontologies. However, incthreext
of Wikipedia, it is deemed beneficial and a requirement asoiva
for greater intersectedness of the domain.

Depth breadth andfanoutmeasures partially addresses require-
ments 2 and 3. These are easily measubsghthandbreadthmea-
sures are related. For ontologies with a similar number agsgs,
we would expect one that is very broad would be less deep. Con-
versely, a deep ontology would not be as brdakadthandfanout
measures are also related. Changing the fanout factor would
crease the breadth of an ontology. Thus, we propose to measur
these as well.

5.1.4 Measures addressing requirements but not con-
sidered

For measures ofonnectivity importanceand densitywe find
them to partially address requirements 1 and 3 respectitgy-
ever, itis not considered in our evaluations here as we dexpsct
these to have high impact on the requirements. Furtherrtiarse
measures would also be difficult to vary in a systematic way. F
example, how do we allow additional relations between elags
a meaningful way? Also, in the context of browsing in Wikied
allowing more relations to vary measures like density mangdéri
the browsability of the category structure.

In summary, we have identifigdnglednessdepth breadthand
fanoutas measures to consider in our analysis looking at address-
ing requirements in browsing Wikipedia articles using asegory
structure.

6. TASK-BASED EVALUATION

In carrying out a task-based approach to ontology evalnate
propose to model the task on the browsing of an informatiaetep
using a given category structure — much in the same way users
would do when browsing categories from Wikipedia. In this-se
tion, we describe the dataset used and ontologies taken\ibin
pedia’s category hierarchy, the experimental design feretfalua-
tions and present outcomes from a user study we undertook.

6.1 Wikipedia dataset and categories used

For this user study, we considered categories from the &mgli
language version of Wikipedia and its associated artidlés. arti-
cles were taken directly from a database dump of the artiches
Wikipediz?. Regarding the Wikipedia category structure, we ob-

2http://download.wikimedia.org/enwiki

Table 4: Measures-Requirements Analysis

Requirements:
1 - Allowing intersecting category structure
2 - Group similar articles

3 - Categories should have the ‘right’ number of subcategori

4 - Avoiding cycles in the category structure

[ Tartir et al. [15]

[1]2]3]4]

Schema

- Relationship richness

- Attribute richness

- Inheritance richness

Knowledge base - Instance

- Class richness

- Avg. Population

- Cohesion

Knowledge base - Class

- Importance

- Fullness

- Inheritance Richness (c)

- Relationship Richness (c)

- Connectivity

- Readability

[ Gangemi et al. [4] [1

[4]

Depth

Breadth

Fanout

Density

ololo|ol|lw

Differentia Specifica

Tangledness

Modularity

Logical adequacy

Meta-logical adequacy

Degree distribution

[ Gomez-Pérez [6] [1

[4]

Consistency - Inconsistency Errors

- Circularity errors

- Partition errors

— Subclass partition with common instances

— Subclass partition with common classes

— Exhaustive subclass partition with common instariceg

— Exhaustive subclass partition with common classés

— Exhaustive subclass partition with external instan¢es

- Semantic inconsistency errors

Completeness - Incompleteness Errors

- Incomplete concept classification

- Partition errors

— Subclass partition omission

— Exhaustive subclass partition omission

Conciseness - Redundancy Errors

- Grammatical redundancy errors

— Redundancies of subclass-of relations

— Redundancies of instance-of relations

- Identical formal definition of some classes

- Identical formal definition of some instances

[ Brewster et al. [2] [1

[3

[4]

Coverage

Precision

Recall

e - Addresses o - Partially Addresses



tained this from System One’s RDF representation®bfThis was

domain spacén an intuitive manner with reasonable information

from a Wikipedia database dump dated March 2006. In it, each organisations.

article and category is represented as an RDF triple witbgcay
and inter-article relations. The relations representethénWiki-
pedia categories arecategory-subcategorycategory-articleand
article-article relations

Upon analysis, we found that for a given category, no rdgiris
are put on the number of parent and sub categories. Thatris the
may be multiple parent and child categories. Also, therenare
restrictions as to the number of categories to associatetmfea
with (as long as it is related).

However, there are some limitations with regards to the Wiki
pedia categories. Some categories are administrativetimendor
example,'Sporting stubs’ These are categories which contain ar-
ticles that have yet to have information written for it buvbdeen
linked from another article previously. Also, not all altis have
categories associated with it. This means that some artickenot
viewable from navigating the category structure. Despiis, the
Wikipedia categories are overall a content-rich orgamsatvhich
we will use as the basis for our task-based evaluations.

We applied measures to the Wikipedia categories, discussed
Section 3, which were feasible to apply. In processing tte-ca
gories, we traversed the subtree in breadth first searclofastart-
ing from the categoryCategories; which we take to be the root of
the content section, and present these measures in Table 5.

Measure Value
No. categories 111287
No. articles 1079246
Avg. articles per category 25.7
Levels 14
Categories with multiple parents 76578
No. parents 23978
Avg. no. parents 2.0
Max. parents for any given child 56
No. leaf categories 87309
Avg. no. children 4.64
Max. children 1760
Avg breadth 8559.5
Max breadth 33331
Avg depth 5.8
Max depth 13
Fanout factor 0.78
Tangledness 0.69

Table 5: Wikipedia Categories Measures

From Table 5 we observe that the Wikipedia categories have a

ratio of about 1:10 with regards to the number of categorieb a
its associated articles. Also, we find that the categorycsire is
not deep considering the number of articles and categoitbgive
number of levels as 14. Instead, we find it to be quite broal arit
average breadth of 8559.5 in a given level. The overall Wittip
category structure is also quite tangled with 69% of the akipeé-
dia categories having multiple parents — that is, categosieich
have more than one parent.

6.2 Experimental setup

The goal of our task was to examine properties of the category

structure througlbrowsability That is, being able ttocate infor-
mation using the category structure for articles for a given infor-
mation need by browsing. Users should also be abé&xptore the

Shitp://labs.systemone.at/wikipedia3

6.2.1 Subtrees considered

For this user study, we needed to vary the original subtree in
a manner that was: semantically reasonable, utilised alt#te-
gories in the subtree and comparable to the original subtieere
were two options presented to us — either vary the origindliWwi
pedia subtree or generate a subtree category structuredageto
an automated technique — which was a variation on a document
clustering technique.

Method for removing tangledness.

In exploring both options, we found that varying the origMa-
kipedia structure to remove tangledness was reasonahieo\Reg
tangledness meant removing occurrences of multiple paiarda
given category. The specific algorithm we used Bgg&stra’s al-
gorithmfor finding a single-source shortest path tree. This is the
most appropriate shortest path algorithm since we knowabeaf
the subtree. Where there were more than one parent candatate
gories we chose the one that was most similar to the categamg b
considered. We performedTd-IDF cosine similaritymeasure on
article titles within categories of a given subtree. We fbuhis
worked well and kept the subtree mostly semantically edemnta

Method for generating subtrees.

We looked at varying the original Wikipedia subtree in a cgas
able manner for reducing or increasing the number of supoats
to consider breadth and fanout factors. However, we couldimb
a feasible way of systematically varying the number of stdsca
gories. Specifically, the difficulty faced was in increasihg num-
ber of subcategories in a sensible manner. Thus, we copslides
second option from above — using a form of document clusgerin

For a given subtree of the Wikipedia category hierarchy, eve r
moved all category relations from it and applied a documérg-c
tering technique over the categories contained in the hasiee®.
We usedpartition-based criterion-driven document clustering
features gathered from a combination of the category titbb as-
sociated article information [19] provided in the Cluto stiering
toolkit*. Algorithm 1 describes the pseudocode for varying a given
category subtree.

Algorithm 1 Varying a subtree
Let N := maximum number of elements in cluster
Add root of subtree to queue
repeat
Letc:= next item inq
Obtain clusters for c from elements in its cluster
forall iinl do
Nominate element inas representative categaryor i
Addr as subcategory af
Let clustersize= number of elements in cluster1
if clustersize>= N then
Addi to queue
end if
end for
until queue has no more clusters to process

We used the category title and clustered on a few varying data
parameters: category title only, category title and theciated
article titles, and category title and the associatedlartéxt.

“http://glaros.dtc.umn.edu/gkhome/views/cluto



We also varied the clustering technique based on the nuniber o multiple parents, hence beingintangled; and 2) a generated sub-
features considered and also the resulting number of ctuste treec with similar properties using the document clustering tech
each clustering event. We used ttwsine similarity functiorfor nique.
this.

Using the two methods discussed above, we can obtain 4 varied Participant | X | Y
subtrees for a given domain. Table 6 presents the origirthvar
ied subtrees we considered. We use Subtaesslb to look at the
effects on tangledness and in future work, Subtig@esande to
consider depth, breadth and fanout.

a b c|la b c
user1|tl t2 t3(t4 t5 t6
user2|t2 t3 t1|t5 t6 t4
user3|t3 t1 t2(t6 t4 t5
b ¢ a|lb ¢ a
user4{tl t2 t3|t4 t5 t6

Label Subtree

a  Wikipedia original user5/t2 t3 t1|t5 t6 t4
b  Wikipedia original (remove tangledness) user6(t3 t1 t2(t6 t4 t5
c Generated (untangled) c a blc a b
d Generated (Fewer subcategories) user7|tl t2 t3|t4 t5 t6
e Generated (Increased subcategories) user8|t2 t3 t1|ts t6 t4
user9(t3 t1 t2(t6 t4 t5
Table 6: Subtree variations from Wikipedia Y X

a b c|la b c
user10[t4 t5 t6|tl t2 t3

6.2.2 Tasks and Domains user11lts 16 4l B 4

We now outline the tasks and domains we used in our user stud- user12/t6 t4 t5/t3 t1 t2
ies. In each experiment, participants were given a set &btts b ¢ alb ¢ a
complete within a 10 minute duration (inclusive of pre andtpask user13lt4 5 t6lt1 t2 3
questions). The given tasks were domain specific, and heogkelw user14lt5 6 tlt2 3 t1

not be reasonable in another domain. We chpse to use dorhains t user15/t6 t4 t5/t3 t1 t2
were as separate from each other as possible so as to reduce th c a blc a b
learning effect from completing tasks on a given domain oAige useri6lt4 5 t6lt1 t2 t3
chose 3 levels of specificity regarding the nature of thestdske user171t5 6 t4lt2 3 t1
Table 7). We proposed Tasks 1 to 3 and Tasks 4 to 6 to have gicrea userislt6 t4 1513 t1 2
ing levels of specificity, from broad to specific, in their pestive
domains X and Y. For examplénternational racing competitions
(Task 1) covered a broad range of possible answers withiR#we
ing Sport domain (X). Whereddakers of F1 racing car¢Task 3)
was a very specific task type in the same domain.

Table 8: Experiment design comparinga, band ¢

Experiment 2.
Domain | Task Description We propose a second experiment, with a similar setup as ¢he pr

vious experiment but instead using the generated untargybd
treec as our base subtree and compare it with generated subtrees
that had varying number of subcategories — with Subtdessde
having more subcategories and fewer subcategories resggct
With the generated subtrees, it is possible to adjust itsdtheand
fanout by altering the number of subclusters. This was tesav
tigate the effect of depth, breadth and fanout. Howeves de-
pends on Subtredsandc being approximately equivalent in per-
formance. We needed to establish this in the first experirdent
scribed above.

Racing Sport (X) T1: International racing competitions

T2: Racing sports without wheeled vehicles
T3: Makers of F1 racing cars

Foods (Y) T4: Non-alcoholic beverages

T5: Different cuisines of the world

T6: Wine regions in Australia

Table 7: Experiment design for comparing Wikipedia with gen
erated structure

The tables below outline the experimental design we used to 6.2.3 Analysis of varied ontologies
compare various aspects of the generated subtrees. Wespropm - . )
experiments to obtain results for different comparisonsdch ex- After varying each subtree for the two domains, we took mea-
periment, we used theatin squaresmethod of determining the ~ Suréments on these to analyse the changes and present tfiam in
order participants use the subtrees to be compared. Weiditoth ~ Ples 9 and 10. For the Racing sports domain (X), we had 1185
remove the learning factor of users progressing from onereeb ~ Catégories. For the Foods domain (Y), we had around 652 cate-
to another in a given domain and to increase statisticalfaignce gories in total. These were ideal sizes for the time givenaithe
in our studies. Using this configuration we guarantee eaehtos ~ USer to browse through in that they were sufficiently largehdhat
have a unique sequence and for users to use each subtree-n a diUSers would probably not look at all categories. They wese al
ferent position. We also applied blocking on the domain. tiyas ~ MOre general topic areas. These were typically betweend2@n

we rotated the domain after 9 users. articles in a category. )
We observed that for each domain, Subtrieasdc do not have

any multiple parents nor are they tangled. Untangled sebta¢so
Experiment 1. reduce the number of parents in total in comparison with tha-W
First, in Table 8, the original Wikipedia subtregis compared pedia original subtreegj. In effect, untangling a subtree removes
with two other variations: 1) the same subtree altered tookem links from the subtree.



Measure | All For effectiveness, we considered the number of relevaictest

No. categories 1185 users marked for each task. For each article marked, weatealu
No. articles 18178 the marked article as:
Avg articles per category 15.3
Subtree Not relevant: does not relate to the task
a b ¢ Somewhat relevant: has bits of relevant information
Levels 7 7 4 . . .
No. parents 305 213 292 Mostly relevant: most of article is relevant
Categories with multiple parents 293 0 0 Definitely relevant: all of article is relevant
Avg. no. parents 1.3 0.9 0.9
Max no. parents for a given child 5 1 1 6.3 Results
Leaf nodes 880 972 893 . - .
Avg. children 49 56 41 We summarise our user study findings below:
Max. children 54 53 20 User behaviour:
Avg. breadth 169.3 169.3 296.3 s . . .
Max breadih 459 458 765 e exhibited exploratory behaviour if subtree did not help
Avg. depth 3.6 36 29 ¢ tended to backtrack more if the subtree was not helping with
Max. depth 6 6 3 the task at hand
Fanout 0.74 082 0.75
Tangledness 0.25 0.00 0.00 Original Wikipedia subtreea):
Table 9: Racing sports subtrees o helped users perform better with tasks that were less broad
Nicasure I AT Wikipedia untangled subtre)
No. categories 510 e generally users backtracked less on broader tasks
No. articles 12630 e generally found more definite relevant articles in the besad
Avg. articles 19.7 task in both domains
Subtree
a b c Generated subtree)(
Levels 9 9 3 ; _ T
No_ parents T3 = . :ft?crlsé gti)rt]allgnomg:r?)c()stly relevanbut notdefinitely-relevant
Categories with multiple parents 132 0 0 )
Avg. parents 1.2 0.9 0.9 e users tended to perform better from Domain Y than X
Max. parents foragivenchild | 4 1 1 e was not equivalent to Wikipedia untangled
Leaf nodes 455 507 580
Avg children 42 48 124 Figure 2 shows a comparison between the average numberrof use
Max children 48 48 51 clicks for a given task on a given system and the breakdown of
Avg breadth 71.3 71.3 210.3 . - . .
Max breadth 141 141 579 th.ose cllgks |ntp average numper ofacktracking clickscategory
Avg depth 39 39 20 clicks article clicks andother click®
Max depth 8 8 2
Fanout 0.71 0.79 0.92 100 % gtthelr clicks
rticle
Tangledness 0.21 0.00 0.00 ool B Category
I Backtrack
Table 10: Foods subtrees 80
» 70
The generated subtree) (had fewer levels as they were gener- ; 60
ally broader than the others. This is also reflected in theaaee g 50
breadth. The effect of this is presenting the user with abwite g 40
as many narrower category links compared with the othersebt < 50
We had several versions of generated subtrees with vargng p .
rameters. The best subtree was chosen on the basis of thenumb
of category-subcategorgelations in the generated subtre} that 10
appeared in the original Wikipedia subtreg. (This tended to yield 0 I s =
broad subtrees using our method for generating subtrees. Task1  Task2 Task3  Task4 Task5  Task6
We also observed that broader subtrees had an effect iningduc
subtree depth. Figure 2: Average no. user clicks breakdown

6.2.4  Evaluation Figure 3 compares systems on a given task for relevantesticl
To evaluate the performance of users with regards to br@gvsin retrieved by a user. The breakdown on each bar includedesrtic
and marking relevant articles for a given task, we proposa/sing ranging from definitely-relevant to not-relevant.
efficiency and effectiveness measures. We summarise our findings in Table 11 below, give further de-
For efficiency, we looked at the number of backtracking a user tails on the main measures for each subtree and includdisamie
does. Included are the number of clicks a user makes to: tests. The major rows in Table 11 are groupedrigjividual Tasks
1. go back to th@revious category followed by Task Typesand finallyOverall results

2. go back to theop category 50ther clicksrefers to clicks like marking relevant articles and re-
3. click on apast category or articlefrom history links viewing those articles




30 ] Non-relevant Task Measure Subtree p
[ Somewhat relevant a b C a-b b-c a-c
= '\D"Of,“z fle'evlam . 1 % backtrack| 4.48% 3.00% 16.18% 0.46 0.02* 0.05
25 elinitely relevan Definitely 8 115 52 | 030 009 0.10
Mostly 0.5 0.7 12 | 069 041 025
" Somewhat | 2.8 2 1.8 | 038 0.84 020
< Relevant | 11.3  14.2 82 [ 043 0.12 010
= Non-relevant| 1.7 2.2 1 0.69 0.38 045
z 2 % backirack| 6.93% 2.96% 5.169] 0.33 0.74 054
g Definitely 8 7.5 45 090 0.46 0.09
2 Mostly 0.3 0.2 1.7 | 0.67 0.03* 0.05
Somewhat | 6.2 9.2 17 [ 045 080 0.55
Relevant | 145  16.8 143|057 058 097
Non-relevant| 0.7 3.3 0.8 0.16 0.19 0.78
3 % backtrack| 5.22% 8.28% 3.319d 0.61 053 0.82
Definitely 7.5 25 1.7 [0.03* 0.60 0.01F
0 Mostly 0 0.3 07 | 036 050 0.10
oo ®oo ©0oO ©2O0O ©oO ©ao Somewhat | 2.5 2 25 | 055 0.63 1.00
Task 1 Task 2 Task 3 Task 4 Task 5 Task 6 Relevant 10 a8 7.8 [0.03* 1.00 003
Non-relevant| 1.2 1.2 1.8 | 1.00 038 0.35
Figure 3: Relevant articles retrieved 4 [ %backirack] 5.96% 3.67% 1518% 0.40 0.16 0.35
9 Definitely | 6.8 11.7 65 | 0.18 0.14 089
Mostly 0.2 0.2 0.2 | 100 100 1.00
Somewhat | 0.5 0.8 08 [ 055 1.00 055
For Overall Results, we omitted Task 6 as this task appeared t Relevant | 7.5 12.7 751020 019 1.00
i Non-relevant| 3.2 4.3 15 059 018 0.21
favour Subtree over the others, as we _elaborate later. The minor = Yebackeack | 355750795 3490 0.89—0.95—0-55
rows are grouped into backtracking clicks a}n_d measureslef re Definitely | 22.2 18 14 | 054 035 023
vant articles found. We sum up measure®efinitely, Mostlyand Mostly 0 0 0 - - -
Somewhatelevant articles found and present this in the table as SF?TGWh?t %-:f 1%-88 104 é-gg 8-;2 g-gg
: 3 elevan . . . .
relevant arpcles found. The.flrst column shows the task @mp Non-relevantl 4 17 17 | 024 100 024
isons. We list the corresponding averages for each meas@aah 3 9% backirack| 6.70% 24.88% 2.65% 0.0I¥ 0.0 0.31
subtree beside it. The last set of columns in Table 11 pregent Definitely | 3.5 0 95 [0.08 002¢ 0I1
values for the significance tests carried out on each meagare s?,”rﬁiﬂvyhat 003 g 103 017 008 017
the significance tests, we used a two-taile_d_ unpaired yhaau’a Relevant 138 0 108 1007 003 0.1l
ance t-test. The p-value shows the probability that theidigions Non-relevant| 3 0.5 83 | 0.08 0.08 0.20
of the users’ performance values for the specific compa@serhe 14 | %backtrack] 5.17% 3.33% 15.68% 0.25 0.01* 0.06
same. We may consider the performance of a given subtree to be D&fggttsy A L A
different from another _W|th statl_stlcal significance if thevalue is Somewhat | 1.7 14 13 | 070 o088 057
lower than 0.05. That is, there is less than 5% chance thawthe Relevant | 9.4 13.4 78 [ 012 0.03* 0.34
distributions are from the same population. Non-relevant| 2.4 3.3 13 | 050 010 0.14
25 | % backirack| 5.07% 3.91% 5.24% 067 0.76 0.88
; ; P Definttely | 15.1  12.8 9.3 [ 061 032 017
6.3.1 Wikipedia original vs. Untangled Mostly 05  oa o5 | 066 006 010
Looking at the individual tasks, the main differences folued Somewhat | 3.5 5.0 41 | 054 072 0.79
tween the Subtrea and the Subtreb were highlighted in Task 3 Relevant | 188 178 1421081 021 024
. e Non-relevant| 2.3 25 1.3 090 0.19 0.32
and 6. Of the set of tasks given, thgse twp were the most specifi 36 | 9% backirack| 5.93% 15829 2.94% 0.03* 0.0T° 035
In Task 3, users were asked to find articles abBotmula One’ Definitely | 5.5 13 56 |0.0I* 005 0.97
car makers. We found that users performed three times hssitey SoMnﬁze\yhat 2-2 2(2) 2-3 8-33 8-51% g-ig
Subtreea in finding more relgvant articles. Using Subtmms_ers Relevant 6.9 57 8 1002 003 071
found an average of 7.5 definitely relevant articles cormgarith Non-relevant| 2.1 0.8 51 ] 009 0.5 017
Subtreeb where they found 2.5 and the difference was statistically ~Overall | % backirack] 5.40% 4.34% 8.46%9 0.45 0.05 0.14
significant. Upon closer inspection of the category stmegtthe minus 6 Dlslflnlttlely 100-25 100-32 g-;l 8-2g 8-83: 8-8?:
. . p ostly . . . . . .
Eormula One section of the subtrge had many categories with m Somewhat | 2.6 30 27 | 070 o079 o091
tiple parents that were related which explains how the ussrable Relevant | 133 135 98 [ 093 005 0.08
to browse more effectively. Non-relevant| 2.1 25 14 | 058 0.06 0.15

In Task 6, users had to find wine regions in Australia. Sukdree
did significantly better than SubtréeUsing Subtree, 4 out of the
6 users found relevant articles for this task, of which 3 sifeund
definitely relevant articles, while all users using Subtréailed to

* denotes statistical significance ¢0.05)

Table 11: Results and significance tests for subtrees

find any relevant articles.

In observing users performing Tasks 3 and 6, the key was in find
ing the specifiggateway category. This gateway category opened
up the relevant categories and were often clustered togatbend
the gateway category. In task 6, this gateway category was mo
difficult to find in Subtreéb. This was because there were relations
missing from categories which users were looking in. Thedaty
egory for task 6 in Subtrele was located in a related but obscure
category calledHerbs and Medicinal herbs’ In contrast, users
performing the task on Subtreetended to find the key category
Wineas a multiple parent dfsrape varieties'which helped them

perform this task well.

Overall, Subtred» was comparable to Subtree If we exclude
results from Task 6, we observe that backtracking on Subtveses
not significantly different to Subtre There is also little differ-
ence in performance between Subteeandb in the number of
relevant articles users found. However, there seems to tend t
in task types that were most general. For Tasks 1 and 4, Subtre
seems to perform better in terms of both backtracking arevael
articles found. This could point to users being more confidsa
ing Subtreeb than with Subtre@. However, this was not observed
to be statistically significant.



6.3.2 Untangled — Wikipedia vs. Generated
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