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Introduction

The need for evaluaion methodobgies in the field of ontology development and reuse
showed up as soon as 1994 and it has been growing ever since [Sure 2004] Yet, no
comprehensve and globd approach to this problem has been proposd to dae.

Wha we present here is a novd pespective tha tries to integrate the varied (and
differently aimed) ontology evauaion methods propo®d so far. Particular efforts are
devoted to considering as many as possible measures that can affect the qudity of an
ontlogy, and whose metrics can either be quditative or quantitative, with the ultimate
god to design aformal modd for ontology evaluation.

The important topic of evaluaion of tools for ontology redization is not addressed in the
present contribution, and we plan to consder it in future work.

Our contributionis structured as follows. In thefirst section, we introdue a metaontology
(provisiondly called here O?) which characterizes onologies as semiotic objects and tha
is meant to provide a meta-theoretical founddion to ontology evaluaion and annottion.

In the second section, such a metaontology is complemented with an ontology of ontology
evauaion and validation (called ! g'#/), which picks up ontology elements based on the
metaoniology, and provides qudity parameters (and possible ordering fundiong for them.
In practice, we modd ontlogy evaludion as a diagnosic tak involving ontology
descriptions which, in turn, indudetheroles and fundionsof the elementsin an ontology,
the parameters assumed within those descriptionsthat denote the QqudityOof an ontology,
and some fundionstha compose thos parameters according to a preferential ordering.
We identify and discuss three distinctions over measure types for ontology evaluaion
which are based on O i.e. structural, fundional and usability-related measures, and
provide some examples of preferential order over measures.

Findly, in the third section, we provide a compaing review of a selection of current
literature on ontology evaluaion.
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1. A semiotic metaontology

We consde an ontology a semiotic object, i.e. an object condituted by an information
object and an intended conagptualization established within a communication setting.

The basic intuition is tha information is any patern tha can represent another patern,
whereas tha representation is interpretable by some rationd agent (this intuition comes
back at least to C.S. Peirce [Peirce 1931).

An ontlogy is a special kind of information, whose paterns are graph-like structures, and
who represented paterns are intended conagptualizations i.e. internd representationsof
(mainly) types of things For example, one can typically define an ontology for subways,
but one will hardly consde the London Undaground graph an ontology (it would be
eventudly consdered amodd of an appropriate subway ontology).

In semiotics, e.g. [Eco 1984] the information object (e.g. the OWL (DL) version of FOAF
-Friend Of A Friend- ontlogy') is said to play the role of expression, the intended
conceptudization (e.g. the conceptud relation between persons ther addresses, and the
knowledge of each othe) is said to play the role of meaning, and the communication
setting is said to play the role of context (e.g. the task, application, and usage context of
FOAF). These roles are complemented by other communication elements defined by
[Jakobson 1960] (Fig.1): oneor more rational agent(s) (e.g. a FOAFer) who play(s) the
role of interpreter, a medium (e.g. the Web) tha plays the role of channé, and an
encoding system (e.g. OWL) tha plays therole of code Moreover, when amediumis used
to realize an information object througha channd, an information realization appears (e.g.
agraphic visudization of the FOAF ontology on a screen).

Interpreter

{5

interprets g ;
1. internally-represents

Communication Context

invalved_in 1%
Message

Conceptualization

Expresses T

redlized-by

Medium Channel

Figure 1. The communications roles in ontology engineering, adaped from [Jakobson
1960 . Messages are information objects, communication contexts and conceptualizations
are (cognitive) descriptions Media andchannds realize the messages.

An ontology as a semiotic object has therefore several interdependent features that can be
measured, with several possible qudity parameters. Following the example, we could
measure the abgract information contained in the FOAF ontology graph, the capability of
tha information patern to mirror a Godal relationshipgOpatern, the usability of FOAF
onlogy for a certain application, its accessibility by agents looking for abdract
information of that kind, its provenance, etc.

! http://www .foaf-project.org.
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We provide a minima FOL formalization of an ontology as a semiotic object. For tha
purpose, we reuse our ontlogy of information objects (denoted by the prefix: OnfQ
[Gangemi et a. 2004] built upon DOLCE (Descriptive Ontology for Linguistic and
Cognitive Engineering, denoted by the prefix QlolQ [Masolo et a 2004] and
ExtendedDnS (a theory of descriptions and situations denoted by the prefix Gdng)
[Gangemi et al. 2004]

Such meta-ontlogy, provisiondly caled here O? (Fig.2), is complemented with an
ontlogy of ontology evaluation (called ! g'#/, Fig.3), which represents ontology elements
based on the metaontology, and aso allows the representation of qudity parameters (and
possible ordering fundiong for them.

Structurally, an ontology is any graph whose nodes and arcs represent conceptudizations
indgopendently from how these conceptudizations can be given a forma semantics. In
(even) more informal terms, an ontlogy is a graph of metadata (i.e., from thesauri to
taxonomies and axiomatized theories).

We further stipulate that ontology graphs are directed aong the arcs representing a
subdassOf (or isa) relationdhip.

Breadth- and depth-oriented measures on the graph are made on isa (taxonomical)
relationshipsas well.

On the contrary, dengty-oriented measures are made on nortisa relationdhips

We use acronymns as prefixes (see abovefor acronym explanation) to denote the ontology
of reused predicates.

In 0% an ontlogy graph OG is an edns|Information-Object, its possible formal semantics
(the ontology semantics OS) is a dol:Abdract entity (a space), and its intended meaning
(the ontology intended conagptudization OC) is a ednsTheory (intended as a kind of
ednsdescription).

Given an ontlogy, a forma semantic framework (e.g. modd-theoretic semantics), a
context of ontology produdion, and at least one context of ontology use, we can propo®
thefollowing axiomsto give a (first-order, reified) meta-theoretical foundaion to ontology
evaluaion and annotion:

(Al) OG(x) — ednsinformationCbject(x)
(A2) OS(x) — dol:Abgract(x)
(A3) OC(x) — ednsDescription(x)

A1-A3 are based on the DOL CE and ExtendedDnS ontologies:

- ednsinformationCbject is a sub-class of nonagentive soda objects and includes any
symbolic entity, indgpendently fromits conaete redlization

- ednsDescription is a sub-class of nonagentive soda objects and indudes the
reifications of relations of any kind. By assuming tha an intended conoeptudization
can bereduced to a conceptud relation, descriptionsare used as ontology placeholders
for intended conceptudizations

- dol:Abdract is a primitive from DOLCE, and indudes all entities tha do not have a
spaio-tempora localization (i.e. they are regionsin an abdract space, e.g. values, sets,
etc.).

Ontologies as information oljects vs. abdract spaces:
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(A4) OG(x) — Ay(inf:g-represents(x,y) A OS(y))

A4 reuses the relation g-represents(x,y), defined in the information objects ontology,
which encodes the fact tha information objects can reify regionsin abdract spaces. A4
meanstha an ontology graphis suppo®d to have a mapping in an abgract space (aformal
semanticsin thetypical case, e.g. if usng OWL).

Notice tha the main difference between an abdract space and an information object is tha
the second has a spdio-temporal localization. E.g. given OWL, all ontologies tha can be
built according to the OWL datamodd always exist in an OWL abstract space, buta given
OWL ontlogy has asodal existence dueto itstime of creation, its creators, its usage, etc.

On the other hand, A4 is too strong for the ontologies tha are not defined in a logical
language with an explicit formal semantics. Hence, we make the further assumption tha
any ontlogy can be reengineered in order to get (patly or completely) aformal semantic
characterization.

Ontology graphsexpress meaning :

(A5) OG(x) — Jdy(ednsexpresses(x,y) A OC(y))

A5 reuses the relation expresses(x,y), ddined in the ExtendedDnS ontology, which
encodes the fact tha information objects express intended meanings (in this context:
descriptiong. A5 meanstha an ontology graph necessarily expresses at |least oneintended
meaning.

Notice tha in the real world, an information object (hence an ontology) can be used to
provide additiond expresson to an existing conceptudization, for example, when
profiling an ontology, or when formalizing anaural languaye explanaion.

Semantic adequecy: ontology formal semantics should catch intended meaning:

(AB) OS(x) — (Ay,z2(OC(y) A OG(2) A ednsexpresses(z)y) A inf.g-represents(z,x)) —
ednsadmitted-by(x,y))

A6 reuses admitted-by(x,y), a composed relation from the ExtendedDnS ontology, which
encodes the fact tha a description can define a logical parameter tha can be valued by
some value from a certain value set (i.e. a formal semantic space). A6 means tha the
forma semantics of an ontology is admitted by its intended meaning if theformal speceis
g-represented by an ontology graph that also expresses tha intended meaning.

In other words, A6 asserts that semantic adequacy of an ontology requires compliance to
intended meanings notjud formal validity.

(T1) OC(x) — (Fy,Z(OS(y) A OG(2) A ednsexpresses(zX) A inf.g-represents(zy)) —
ednsadmitted-by(y,x))

From A6, and the axioms of ExtendedDnS and information objects ontology, we can infer
tha the intended meaning of an ontlogy graph tha g-represents a formal space, also
admits that formal space asavauefor itslogcal parameter.

(T2) OG(x) — (y,z2(OS(y) A OC(z) A ednsadmitted-by(y,2) A ednsexpresses(x,2)) —
inf:g-represents(x,y))
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From A6, and the axioms of ExtendedDnS and information objects ontologies, we can
infer tha an ontology graph tha expresses an intended meaning that admits avaluefroma
formal semantic space, also g-represents tha space.

(D1) o-interprets(x,y) =q inf:interprets(x,y) A ednsRationd Agent(x) A OG(y) A
Az(ednsinterndly-represents(x,2) A OC(2) A ednsexpresses(y,2))

D1 defines a relation holding between rationd agents and ontology graphs and requires
tha the rationd agent interndly represents the ontology intended meaning expressed by
thegraph.

(D2) o-encodes(x,y) =g O-interprets(x,y) A 3Jz(ednscreates(x,z) A OC(2) A
ednsexpresses(y,z))

D2 defines a sub-relation of o-interprets, in which therationd agent must be the creator of
theintended meaning.

(A7) OG(x) — Jy(o-encodes(y,Xx))

A7 states tha an ontology graph has at |east oneencode.

(T3) OG(x) — Ay(o-interprets(y,x))

T3 holdsafter A7 and D2: an ontology graph has at least oneinterpreter.
(D3) o-decodes(x,y) =4t O-interprets(x,y) A 3z(o-encodes(zy))

D3 ddines a sub-relation of o-interprets, in which there mug be a (not necessarily
different) rationd agent tha isthe creator of theintended meaning.

(D4) profiles(x,y) =¢ ednsInformationObject(x) A OG(y) A zw,a(OC(2) A
ednsexpresses(x,z) A ednsexpresses(y,z) A ednsDescription(w) A
ednsexpresses(x,w) A —(ednsexpresses(y,w)) A o-decodes(a,y) A 0-encodes(a,x))

D4 defines a relation holding between information objects, in which the second oneis an
ontology graph, while the first (the niology profileQ) also expresses the same intended
meaning as the second does, but it also expresses meta-level knowledge about the
communication setting, and the profile is o-encoded by arationd agent tha also o-decodes
theontlogy graph.

The UML class diagram in Fig.2 summarizes the axioms given aboveas a design patern:
an ontology graph has an intended conceptudization and aformal semantic space admitted
by the logical parameter of the intended meaning. The graph and the meaning are kept
togehe by a rationd agent. An agent can also provide a profile of the structural and
fundiond propeties of an ontology graph in order to enhance or to enforce its usability.
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Figure 2. The O? design pattern. Ontologies are graphsthat express a conaeptualization
and can be profiled by addiional information that expresses ther usage context. An
ontology graph has (Qg-represents®) a formal semanticsiif it ithat can bes admitted by the
conaeptualization. These condraints are the sengble part of ontology evaluation: does the
formal semantics catch theintended conceptualization (the CcognitiveO semantics)?

Based on O?, we identify three distinctions over measure types for ontology evauation,
i.e.:

- structural measures, which focus on the syntax of ontlogy graphs (mainly, but nat
exclugvely, without referring to its intended meaning, semantics, and context) and thar
possible formal (abdract) semantics (tha can be considered an additiond syntax)

- fundional measures, focusng on the relations holding between the ontology graph and
its intended meaning (i.e. on the cognitive semantics). All these are precisionfrecall-based
measures, but there are many specific issues concerning wha data should be matched to
obtain the measures

- usability-profiling measures, focusng on the ontology profile, which typically addresses
the communication context of an ontology (i.e. its pragmeatics). These measures focus on
onlogy annottions i.e. metadaa about recognition, economcal efficiency, and
interfadng of an ontlogy. Annottionstypically contain information about structural or
fundiond propeties of an ontology.
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2. A model of ontology evaluation and validation (oqua/)

We modd ontology evaluation and validaion (together) as a diagnosic tak (Fig.s 3,4)

involving:

- quality-oriented ontology descriptions (goodg, which provide the roles and fundions
of the elements from an ontlogy, and have elementary qoods(called Qorincples)) as
pats

- value spaces (Gitributes) of ontology elements, bearing typical dependendes on
other spaces

- prindples for assessing the ontology fitness, which are moddled as elementary
gudity-oriented ontology descriptions and are typically parts of a project-oriented
good

- parameters (ranging over the attributes -value spaces- of ontologies or ontology
elements), defined within aprindple

- parameter dependendes occurring across prindples because of the interdependencies
between the value spaces of the measured ontology e ements

- preferential ordering fundionstha compose paameters from different prinaples

- tradeoffs, which provide a conflict resolution description when combining prindples
with conflicting parameters (see section 2.5).

The forma modd of the ontology diagnogic task, called ! g'#/, is based on the same

onlogy design patern used for O? (the Description<->Situaion patern from the
ExtendedDnS ontology [Gangemi 2005).2

<Ordering functio
P

Quality-oriented ontology description

defines L
1.2 \l/ 1.2
Quality parameter Ontology element role || *| Ontology element task
classifies classifies classifies satisfied_by

1.4

Value space Ontology element Ontology-driven process

1 "8
1 [ 1t
11 5
setting_for

Ontology intended use situation

Figure 3. Theontologyevaluation design pattern (! g"#/)

Ontology descriptions roles, parameters, and preferential orders are obtained by looking at
the measure types that can be peformed on an ontlogy, which can be characterized
according to several methods

An example of how! ¢"'#/ can beapplied is presented in Fig.4.

2 An axiomatization similar to that given for O? will be provided in the next version.
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1.4 has_attribute
Value sp Ontology el it Ontology-driven process
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ArA (s
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% setting_for
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haemocancer assessment
An ontology value space is any
attribute of an ontology element that  Ontology elements can be:a class,a  Ontology-driven processes make use
has been obtained by means of some  property, an individual, a module, an of an ontology element.
measurement procedure annotation, etc. E g. retrieve (p,fic,i)
E.g. the relation fits an expertise’ E.g. a relation among patient,
competency question: 1 want to know family, condition, indicator
the family history for condition type ¢’

Figure 4. Applying! g"#/to a clinical use case.

Before discussing the measure types, we clarify our modd of the diagnogic task.

2.1 Measure types

Our andysis of ontology evaluaion addresses the problem in terms of answers to three
main questions

a) What to measure in an ontology? and how? the qudity of an ontology may be
assessed relatively to various dimensons As explained above (see Section 1), by
ontlogy we mean any kind of graph of metadata, and we propos to measure its
qudity relatively to three main groups of dimendons structura, fundiond and
usability-related dimendons

1)

2)

3)

An ontology shows its structural dimensonswhen represented as a graph. In this
form, the topological and logical propeties of an ontology may be measured by
means of a metric. The existence of these structural dimensons however, can be
consdered indgpendent fromthemetricisbeng used

The fundional dimensonsare related to the intended use of a given ontology and
of its components, i.e. thar fundion. Fundiond dimendsons are things like
agreement, task, topic, design, etc. Such dimensons become appaent in an
ontlogy depending on the context, which in turn is given by theway in which the
ontlogy is chosen, built, exploited, etc. In our intuition, fundiond dimensonsare
(relationd, hence) extringc to the ontology graph.

Findly, usability-related dimensonsdepend on the level of annottion of a given
ontlogy. How easy it is for users to recognize its propeties? How easy is to find
out which oneis more (econonicaly, computationdly) suitable for a given (series
of) task(s)?

Notice tha these dimengonsfollow a partitioninto logical types: structurally, we look
at an ontology as an (information) object; fundiondly, we look at it as a languaye
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(information oy ect+intended conaeptudization), and from the usability viewpoint, we
look at its meta-language (the profile about the semiotic context of an ontology).
Therefore, the dimendon types correspond to the condituents of an ontology as a
semiotic object (with the notable issue of a possible mismatch between formal and
cognitive semantics).

Heterogeneous methods are needed, and some measures can result from more than
onemethod. See 2.2-2 4 for alist of measurement methods

b) Which parameters for the qudity of an ontology? Each measure can have more than

one qudity paameter, depending on othe parameters/measures, and the overal
compostion for a given ontology project implies a nonlinear procedure to qudity
assessment.

For example, in an ontology project we may want to combine measures like logical
conplexity and presence of dense areas (e.g. of design patterns). If high dengty is
chosen as a qudity parameter, then the parameter assodated with high conplexity is
chosen too, because usudly dense areas involve a lot of restrictions sometimes with
indirect cycles, in other words high-densty paameter depends on the high
complexity paameter (see section 2.5). On the other hand, if the qudity parameter is
lower conplexity, then the parameter assodated with lower dengty is chosn too,
because thefirst dependson the second.

Actudly, thisis an application of a genera patern of parameter compostion ranging
on mutudly dependent scalar spaces. when we compos two parameters p; and p;
ranging respectively on value spaces s; and s, with a scalar metric, and p; ranges over
the highe pat of s;, and also dependson p; ranging over the lower pat of s,, then the
convase istrue i.e tha a parameter ps ranging on the highe pat of s, dependson a
parameter p, ranging onthelower pat of s;.

Hence, different trade-offs denote goodbad qudity according to which criterion is
preferred. ! g'#/ formalizes the observation tha qudity parameters are defined
according to some prindple, e.g. in the example, highOparameters could be defined
with reference to a trangparency prindple, while the GowO parameters could be
defined with reference to a computational efficiency prindple.

When combining prindples, theneed for atrade-off typically arises, produgng either a
preference ordering fundion, or arelaxation of parameters.

In our example project, thepreference ordering fundionis:

pref(p, po P, ps,c)a pf

whereqaandr areprindples, p* isapaameter defined by aprindple, andcisalocal
condraint (a Oneta-parameterQ), e.g. availability of resources, user overruling, good
practice, etc.

If nolocal condraint can be applied to create a preference ordering fundion, thetrade-
off can resort to arelaxation of paameters. In our example project, either high densty
can berelaxed to e.g. medium-high dengty, or low complexity can be relaxed to e.g.
medium-low conplexity.

Which examples? There are typical examples and péaterns of goodbad qudity for
each measure. This version of the technical report does not indude a complete set of
examples, and even less of paterns In the next verson, more examples will be
provided after the andysis of a sample set of ontologies. In future versions wed
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propos paternsof goodbad qudity based on correlation between success stories, user
satisfaction feedback, and measures.

2.2 Measuring the structural dimension

The structural dimenson of ontologies focuses on syntax (e.g. graph structure), and and
formal semantics.

Here we propo® our own treatment of structural dimensons The idea is to define a
genera fundion like thefollowing:

M = <D,S,mp,c>

<D>=Dimension is the graph propaty or concept we want to measure: the intensonal
counerpat of the metric space.

<S>=Set of graph elements is the collection of elementsin the graph (which may be seen
astheontology structure).

<mp>=Measurement procedure isthe procedure executed to perform the measurement.
<c>=Coefficient of measurement error adjusts for context-related variations on
measurement procedure.

Thevalue of thefundionisarea nunmber obtained by applying a measurement procedure
mp for adimenson D to a set Sof graph elements, modulo a coeficient c (if any), i.e.:

mpD,c,S 1] mi # m$ %

yields

The usud measuring procedure is couning, i.e. afundion tha relates a set of elements x
/S to naurd numbes. Sometimes a nontrivial agorithm is necessary to peform
couning.

Within the possible sets of graph elements, wed consder in particular thefollowing sets:

- Theset of graphnodes G fromagraphg, G " S

- Theset of rootnodes ROO “ G, where theroot nodes are those having no outgoing
isaarcsinagraphg.

- Theset of leaf nodes LEA " G, where the leaf nodes are those having no ingoing
iIsaarcsinagraphg.

- Thesets of sibling nodes SIB;, ¢ connested to a same nodej in a graph g through
isa arcs.

- Theset of pahsP wheaeVj!/ P # " G, where apah j is any sequence of directly
connected nodes in a digraph g starting from aroot nodex, roo and ending at a leaf
nodey,  ga.

- Theset of levels (eneration) L where Vj! L # j" G, where agenerationj isthe
set of all sibling nodesets having the same distance from (oneof) the root nod€s)
I, roo Of adigraphg.

- Thesetsof graphnodes N;. , fromasame pahjin adigraphg

- Thesetsof graphnodes N,., fromasame generationj in adigraphg
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Measures for depth

Depth is a graph propeaty related to the cardindity of pahsin a graph, where the arcs
consdered here are only isa arcs. This measure type only applies to digraphs (directed
graphg. We distinguish thefollowing depth measures.

(M1) Absolute depth:

p

m=Y N,

j
where N, isthecardindity of each pahj fromtheset of pahsP inagraphg.

(M2) Average depth:

where N, isthecardindity of each pah j fromthe set of pahsP in agraphg, and ng.
isthecardindity of P.

(M3) Maximal depth:
m=N jep

Vij(N,cp = Nicp)

where N .., and N
graphg.

.» are the cardindities of any pah i or j from the set of pahsP in a

Measures for breadth

Breadth is a propaty related to the cardindity of levels (enerations) in a graph, where
thearcs consdered here are agan only isa arcs. This measure only applies to digraphs We
distinguish the following breadth measures.

(M4) Absolute breadth:

m=#Nj..L

J
where N ., is the cardindity of each generation j from the set of genegrationsL in the
digraphg.

(M5) Average breadth:
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1 .
m= n—$ Nj#L
L"g ]

where N,. is the cardindity of each generation j from the set of generations L in a
digraphg, and n ., isthecardindity of L.
(M6) Measure(maximal breadth, set of graph elements, couning,c) =

m= NjEL

Viaj(NjEL = NiEL)

where N;., and N,  are the cardindities of any generation i or j from the set of
generationsL in agraphg.

Examples:

Measures for tangledness

Tanglednessis related to the multihierarchical nodes of a graph, where the arcs considered
here are agan only isaarcs. This measure only applies to digraphs

(M7) Tangledness:

n
m= ©

t

" G#%a, ,a, (isa(m,a, ¥ (isa(m,a, )

where n; isthecardindity of G, and tecaga, a, (isa(ma, n(isa(may)
nodes with more than oneingoingisa arcin g.

isthe cardindity of the set of

Example:

Fig.5 shows some generic measures on an ontology graph.
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Tangledness

— Fan-outness

Breadth

3

Depth
Figure 5. Exanples of measures over an ontology graph (http://dolce.semanticweb.org).
Theroot nodeis here drawn leftmod.

Measures for fan-outness

Fan-outness is related to the QlispersionOof graph nodes, where the arcs congdered here
are isa arcs. We distinguish the fan-outness measures related to leaf node sets, and fan-
outness measures related to sibling nodesets (Onternd dispersionQ.

(M8) Absolute leaf cardinality:

M=Npsn g
where N gacq isthecardindity of theset LEA in thedigraph g.
(M9) Ratio of leaf fan-outness:

— Niean g
Ng

m

where N g g isthecardindity of the set LEA in thedigraph g, and ng is the cardindity
of G.

(M10) Weighted ratio of leaf fan-outness:
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NiEa Cg

m=———
SN
J

P

where Niga- ¢ is the cardindity of the set LEA in the digraph g, and # N,., isthe
j

absolute depth measure for g.

(M11) Maximal leaf fan-outness:
_ N i#LEA
m= Nj" SIB
‘0 j#LEA i# LEA
Si @(Nj" siB &Ni" siB
where N,. g5 and N, are the cardindities of any sibling set i or j of leaf nodes, from
theset of sbling sets SIB in agraph g.

(M12) Absolute sibling cardinality:

siB
m=# Nj" SIB

]

where N,. g5 isthecardindity of asiblingset j fromSIBin thegraphg.

(M13) Ratio of sibling fan-outness:
SIB
E N jesiB
m=1__
nG

SIB

where ENJES,B is the absolute sibling cardindity for the digraph g, and n; is the
Jj
cardindity of G.

(M14) Weighted ratio of sibling fan-outness:
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SIB P
whee # N;. g5 is the absolute sibling cardindity for the digraph g, and # N,., isthe
) j
absolute depth measure for g.

(M15) Average sibling fan-outness:

SIB
# Nj" siB
m=—

nSlB

SIB

where ENJES,B is the absolute sibling cardindity for the digraph g, and ng is the
j
cardindity of theset SIB for g.

(M16) Maximal sibling fan-outness:

m= Nj" SIB
# i$j (Nj" SIB %Ni" SIB)

where N,. o, and N.. o, arethecardindities of any sibling set i or j fromthe set of sibling
setsSIB inagraphg.

Some fan-outness measures can be provided for assessing the kind of sibling sets in an
onlogy. In paticular, we are interested in two kinds sibling sets tha are based on a
metric space, and sibling sets tha are lists of values (but notfrom a metric space).

These two kinds are interesting for qudity assessment because they are often counter-
examples to the (badnessOof a high fan-ouness. On the other hand, there can be counter-
counter-examples when a design patern is assumed which suggests tha vaues from
metric spaces and lists have to be represented as individuds, and not classes. In this case,
in fact, those value sets are no more sibling sets, because the instanceOf arc applies to
them.

(M17) Average sibling fan-outness without metric space:
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SIB

ENjESIB—MS
m=—

r]SIB—MS

SIB
where $ N ;. sssus 1S the absolute sibling cardindity (less metric spaces) for the digraph
J

g, and ngz s iISthecardindity of theset SB for g, less the sets of metric values.

(M18) Average sibling fan-outness without lists of values:

SIB

ENjESIB—LV
m =

nSIB—LV

SIB
whee $ N;. sy 1S the absolute sibling cardindity (less lists of values) for the digraph
j
g, and ng., iISthecardindity of theset SB for g, lessthe lists of values.

Measure M17 and M18 are meaningful only when metric values or lists of values are
represented as classes. For metric spaces this is rarely practiced, specially becaue
languaes like OWL have separate domainsfor datatypes.

Measures for differentia specifica

Differentia specifica (Latin for Gpexific differenceQ the provenance of this expression
going back to Aristotle) is related to the QationdeObehind sibling nodesets. Therationde
behind a sibling node set can be measured by looking for arcs tha do not represent isa
relationships and are shared by al siblingsin the set (these arcs represent a common
relationd property).

For a more relevant measure, we exclude from this measure the sibling nodes tha
represent values from a metric space of jud a list (see (M17-18). We distinguish the
following specific difference measures.

(M20) Ratio of sibling nodes featuring a shared differentia specifica:
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SIB

( N i sip s, s %y &)
J

m — SIB

(‘ Nj" SIB

J

SIB

where ( N.. 0ol O is the absolute cardindity of siblings shaing a common
" SIB#Xy $UE(%XY) &(Y))
i

€SIB

relationd propeaty $ for each sibling set j for the digraph g, and §Nj is the absolute
j
cardindity of siblingsfor g.

(M21) Ratio of sibling sets featuring a shared differentia specifica among elements:

n
m = _SIB(DF)

r]SIB

where ngg ) is the cardindity of the set SIB(DF) induding only the sibling sets whose

elements share a specific difference. More precisely, an element x / | (asibling set from
SIB(DF)) mug have a same relationd propeaty $ holding for different values from a same
class % formally, forasblingset j:" x # j $%&(%x,y)' &(y)). ng isthecardindity of

theset SIB for g.

Measures for density

Dendty can be defined as the presence of clusters of classes with many nontaxonomical
relations holding among them (wrt to overall ontology graph). For example, so-called
core ontology patterns (for thematic roles in events, contracts, diagnoss, etc.) usudly
conditute dense areas in an onlogy. Thefollowing measures can be established.

(1) Various clugering techniques can be used to detect dense areas, and the absplute
size and number of them can be measured.

(2) A measure of therelevance of those areas for the overall ontology can be obtained
by calculating the propottion of classes and properties in the ontology, which
logically depend onthedense areas.

(3) Dense areas can be -explicitly or implicitly- a speciaization of ontology content
paterns[Gangemi 2005]

Measures for modularity

A module is any subgraph sg of a graph g, where the set of graph elements SGor sg is
suchthat SG S

Two modules sg; and sg; are digoint when only ! O isa arcs & connect sg; to sg», and each
a hasthe same direction.
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Modularity is related to the asserted modules of a graph, where the arcs considered here
are either isa or nonrisa arcs. We distinguish thefollowing modularity measures.
Theset of modulesfromagraph giscaled here M.

(M22) Modularity rate:

_ Ny
ng

m

where n,, isthecardindity of M, and n, isthecardindity of S(theset of graph elements).

Example:

(M23) Module overlapping rate:

n "
nuoap # r]uoadp

m - n n
M g0} #Nn

{sg 150}

where "' n,._ isthe sum of the cardindities of the sets of uniqudy directed arcs between

uoap
n

the members of each module par p from M; E n isthe sum of the cardindities of the

uoadp

sets of uniqudy directed arcs between the members of each disoint module par p from M;
n is the cardindity of the set of module pars, and M eisea) is the cardindity of the

{5953} 11sg,

set of digoint modue pairs.

Given an appropriate procedure, it@ posible to creste a modularization of a non
modularized graph.

Measures for logical adequacy

Logical adequacy is related to graphs having a forma semantics, where the arcs
consdeed hee are either isa or conceptual relation arcs. We distinguish the following
logical adequacy measures.

(M24) Consistency ratio:

m= cons
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where n, isthecardindity of the set of congstent classes from g, and ng isthe cardindity
of the set of (class) nodesfromg.

Example

(M25) Generic complexity: acomplexity scale, e.g. theoneused for description logics
Example

Cf. D. Cavanese. Data Complexity of Quey Answering in Description Logics,
http://www.inf.unibz.it/~calvanese/pgpers-html/DL-2005html.

A useful tool to automatically check the complexity of OWL ontologies is SWOOP
(http://www.umbc.edu).

More specific measures can be made on paticular constructs tha affect the actud
computationd time. We congder here anonynousclasses, cycles, and inverse propeties.

(M26) Anonymous classes ratio:

where n,..is the cardindity of the set of anonynousclasses, and n, is the cardindity of
theset of (class) nodesfrom g.

(M27) Cycle ratio:

P
whee » N,_, istheabsolute depth measure for the set of cyclic pathskign, ki / P inthe
keP
k

P
digraph g, and E N,cp istheabsolute depth measure for g.
j

(M28) Inverse relations ratio:

where n,, , isthecardindity of the set of inverse relationsrepresents by arcsin g, and n,,
isthecardindity of theset of relationsrepresented by arcsin g.
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Othe measures related to logical constructs are relevant for ontlogy evaludion, in
paticular we treat here class/relation ratio and class/axiomratio.

(M29) Class/relation ratio:

n
m = _GeSs

Npes

where ng.¢isthe cardindity of the set of classes represents by nodesin g, and n,. ¢ isthe
cardindity of the set of relationsrepresented by arcsin g.

(M30) Axiom/class ratio:

where ng¢isthe cardindity of the set of classes represents by nodesin g, and n,.  isthe
cardindity of the set of axioms represented by subgraphsin g.

(M31) Individual/class ratio:

nl"S

nGI "S

where n,. (isthecardindity of the set of classes represents by nodesin g, and n, . isthe
cardindity of the set of individuds represented by special nodesin g.

Presence of a reification vocabulary.

The presence of individuds in an ontlogy is usudly not very frequent, and limited to
cases where nominds are used in axioms, e.g.

Italian(x) =¢ Citizen(x) A dy(bomin(x,y) A y=Italy)

On the othe hand, the individud/class ratio can be highe in presence of a reification
vocabulary. This is typically the case e.g. when classes are to be used as values in an
axiom, for example:

NurseGuiddingx) =¢ Guiddingx) n dy(hasTarget(x,y) A y=MaximalNurseCollective)

In this example, MaximalNurseCollective is an individud used to reify the collective of all
personshaving the role of nurse, and such individuds are ideally asserted as ingances of

the class Collective, which can be defined in an appropriate vocabulary intended for
representing that kind of reified entities.
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Measures for meta-logical adequacy

Formal semantics can go beyondfirst-order, in order to attempt at representing fundiond
adequacy aswell (cf. 2.3).
Themagor example of tha attempt is OntoClean [Guarino&Welty 2004] OntoClean aims
to classify the classes of an ontology according to some meta-propeties, e.g. rigidity,
unity, degpendence. OntoClean metapropaties try to reduce some fundiond measures to
the measurement of adequacy wrt series of possible worlds (states of affairs). For
example:
- stability of a propety across a series of tempora states for a same entity (rigidity)
e.g. pasonyvs. sudent
- digointness of sets of propeaties across a series of (different) topological states for
a same entity or cluger (unity) e.g. dogvs. rubbish
- sability of a propaty across a series of states featuring different relationd
propaties for a same entity (dependence) e.g. dogvs. dogail

Aswe explainin 2.3, possible worlds can be used to check the qudity of an ontology only
in an ex-pod way, e.g. by anadyzing the history of a temporal database built according to
the ontology tha mug be evaluaed. This is unfit, since an ontology is suppo®d to be
evaluaed before its application, not afterwords

For this reason, OntoClean methodobgy suggests designers or experts to assign meta-
propeaties in advance, and then to use these assignments to check the meta-logical
consstency of the taxonomny. For example, the prindple of meta-level integrity (cf. 2.5)
requires parameters for meta-congstency, e.g. a parameter by which no rigid class can be
subsumed by an anti-rigid one because a (temporally) stable class would result to depend
on an ungable one

(M32) Meta-consistency ratio:

— nMCons
Rg

m

where n,,,, IS the cardindity of the set of meta-congstent classes from g, and n; is the
cardindity of theset of (class) nodes from g.

Measures for degree distribution

There is a numbe of datistical-andytical notions tha are commonly applied to the
andysis of graphs For ingance, the application of statistical andysis to a graph allows to
isolate paternsin the form of dense areas. These areas may be characterized throughthe
following notions

Degree distribution, which measures the probability of a vertex to have a certain degree
(i.e. thesumof itsout- and in- degrees). When the probability of avertex having a degree
k (P(k)) follows a power-law distribuion (P(k) " k- r) -- as oppo®d to a Poisson
distribution -- it is possible to condudethat the structure of (the system represented by)
the graph is not random Moreover, power law distributions are characterized by the #
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exponent and are called scale-free networks. In other words they show the same
propeatiesindependently of the scale at which they are observed.

Small world: a graph is a small world if the average minimum path length d beween
vertices is short, usudly scaling logaithmically with the total number of vertices. Graphs
showing an average pah length smilar to random graphs of the same size and average
degree are very likely small worlds d " drandom

Clustering coefficient: |t measures the probability tha two neghboris of a given node are
also neighbos of one another. For random graphsit is a small quantity. However, CSs
show a high clustering compared to random graphs C >> Ciagom- A high clugering
confirms small-worldness.

Now, the degree distribution might suppot the structural measuring of various types of
systems, among which ontologies [3]. In paticular, if graphs are used for modding
systems that developeal over time withouta central control (like the World Wide Web or
large-scale collaborative ontologies) nodes (i.e. web-pages, respectively, concepts) with a
high degree have probaly become crudal to the very existence of the entire structure, and
in the case of ontologies this posibly means tha they are semantically cruda. On the
othe hand, the # exponent may be taken as a sign of the QecursiveOstructure of (the
system represented by) the graph. Similar consderationshold for small worldsand for the
clugering coefficient.

Degree distribution measures can be combined with measures related to dense areas.

2.3 Measuring the functional dimension

The fundiond dimendon is coinddent with the main purpos of an ontology, i.e.
specifying a given conceptudization, or a set of contextud assumptions about a world.
Such specifications however, are always approximate, since the relationship between an
ontlogy and a conaeptudization is never straightforward (Fig.2). Hence, an appropriate
evaluaion strategy should involve a measurement of the degree of such approximation. In
the semiotic view of ontlogies, this amounts to measuring the extent to which a
(syntactic) graph expresses a context-boundintended meaning, possibly with respect to a
formal semantic interpretation.?

The problem, hence, isto find ways of measuring the extent to which an ontology mirrors
a given expertise, or competency: something tha is Gn the expeienceO of a given
community and that indudes not only a corpusof doauments, but also theories, practices
and know-hows tha are not necessarily represented in thar entirety in the available
doauments. This seems to imply tha no automatized method will ever suffice to the task
and tha intellectud judgement will always be needed However, both automatic and
semi-automatic techniques can be applied tha make such evaudion easer, less
subjective, more complete and faster (cf. [Daglemanset a. 2004).

2.3.1 Formalizing functional measures

% http://dmag.upf .es/livingsw/
* We remind here that we are considering also ontologies that are not given aformal interpretation, such as
terminologies or thesauri.
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We propo® here some fundiond measures that are variants of the basic measures
introducd by [Guarino 2004] which uses an andogy with precision and recall measures
(cf. 2.3.3 for the definition in its origind context). Precision and recall are measures
which are widdy used in information retrieval (cf. [Baeza-Y ates & Ribaro-Neto,1999))
and are defined asfollows (TP=TruePostive; FP=False Postive; FN=False Negdive):

Precision:

P — nTP
Np + Nep

where n,, isthe cardindity of the set of true postives, and n.. isthe cardindity of the
set of false postives.

Recall:

R:L
nTP + nFN

In the context of ontology evaludion, theddfinition is adgpted by choosing an appropriate
domain for the postives resp. negdives from the matching between the ontology structure
and theintended ussge and meaning.

In particular, [Guaino 2004] proposs a posible-world semantics to characterize tha
matching. Given alogical languayeL tha implicitly commits to a conceptualization C, an
ontlogy® purpo is to capture al and only those modds of L tha are compatible with
C.

These modds are called the intended modds (L), k being the commitment to a certain
intepretation | for L. In this semantics, an ontology O usng L is Calogica theory
designad in such a way tha the set O(L) of its modds relative to C unde the
commitment k is a suitable approximation of theset I(L)E

Given a conceptudization: C=(" ,W,R), where $ is a set of relevant entities, W a set of

possible worlds, and R a set of intensond relations’, precision and recall are defined as
follows (Fig. 6):

O _Precision:
Oy (L)

op=—_"ur

O(L) 4 . O.(L)
Npp F Npp

i.e. the propation of intended modds ?;(L) " I(L) (True Pogtives) over &, onthe sum of
al O modds Ok(L), which can indudeFalse Postives %™ ¢ Ii(L).

O_Recall (renamed coverageby [Guaino 2004):

5 Anintensional relation is a function from Wto the set 2°" of all possible n-ary extensiond relations on D.
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nok(l-)

OR: TP
O, (L) O, (L)

N + N

i.e. the propation of intended modds S C I (L) (True Positives) over &, on the sum of
al intended modds I (L), which can indudeFalse Negaives 2 C I(L).

In [Guaino 2004]the formulas for precision and covergae use directly Iy as a given set,
and does not use postives and negdives, for example, the precison formula is:

Or(L) m I (L)

n . Butin redlistic ontology projects, Ixis nota given set: we are only able to

n

nok(L)

detect -indirectly at best- (a sample of) false postives and fal se negatives. For this reason,
we prefer to maintain the andogy with IR, which is not based on the assumption tha the

expected set of resultsis given in advance.

Conceptuzhization C= <D, W, R>
A

- Commitment
K= d: I>
Logicd language L
Imtended
medels (L) o Mcdels
— -~ ML)
‘ ontology

Ontology mocals Oy

Figure 6. Therelationship between an ontologyand a conceptualization.
In other words an ontology can accept unintended modds, resulting in lower precision, or

can missintended modds, resultingin lower recall. Fig.7 is apicture of the possible cases
resulting from this definition of precision andrecall.
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High precision, max coverage Low precision, max coverage

Max precision, limited coverage Low precision, limited coverage

Figure 7. Precison and recall (coverage of an ontology. The grey ovals indudes all
modds allowed by the logical language The yellow ovals indude the intended models.
The oval projections of rectangular spaces indude the modds allowed by an ontology.
100% precision implies that all norrintended modds are excluded; 100% cowverage
impliesthatall intended modds are induded.

But this is not the whole story, since modds can map different states of affairs. Usudly,
an intended conaeptudization orogpectsOa set of possible states of affairs, which can
contain posible distinctionsthat are not expressible in an ontology (cf. the BWO example
in the next section). Thisis a direct consequence of the mismatch between cognitive and
formal semantics (see section 1.). Such mismatch results in a decrease of factual precision
and coveragewhile modd-based precision and coverage remain stable.

Factud precison/coverage is tentatively formalized through the notion of accuracy
(ingoired by [Guaino 2004 tha does not provideaformulafor it), which tries to measure
the fitness to an intended conceptudizationC = (" W,R) by mapping states of affairs to

possible worldsin W
O _Accuracy:

O,(L) O, (L)
OA — nTI]; i . nTI']@c Y

O (L) O.(L) O.(L) O (L)
App " g ™ g gy

i.e. the propottion of intended states of affairs ?é(L)W " I(L)w (True Pogtives) over the

sum of all O dtates of affairs OL)w, which can indude False Postives % ¢ I(L),

multiplied by the propottion of intended states of affairs ?é(L)W C l(L)w (True Pogtives)

ove the sum of al intended states of affairs Ix(L)w, which can indude False Negatives
o(L) I(L).
FN =

An example: BWO

We consder asimple axiomatic theory: the Blodks World Ontology (BWO), induding:

A signaure: {On, Block}

A set of axioms:

(A1) On(xy) $ Block(x) A Block(y)

(A2) On(xy) $ AOn(y,x) (antisymmetry)
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(A3) (On(x,y) A On(y,2)) $ On(x,2 (transtivity)

We could now conside the following modd M for BWO, conssting of a set of
propostions

(P1) On(red_block#1, blue_block#1)

(P2) On(green_blodk#1, red_blod<#1)

(P3) On(yellow_block#1, red_block#1)

S1

Fig.8. A typical state of affairs for M in BWO.

A typical intendel state of affairs S1(representable as a possible world) for M is depicted
in Fig.8: thered block is on the blue block, and the green and yellow blocks are on thered
one

But howto be sure that there are no other states of affairs that are notintended, which can
be compdible with M? And tha there are no intendel states of affairs that are not
captured by M?

In other words does BWO catch all and only the intended meaning of the agent that
defines or uses BWO? Also: how to know abou tha intended meaning? Wha are its
boundaies? We will propo® later tha theintended usage mug be consdered firstly.

We show with a further state of affairs that these questionsdeserve a nonttrivial answer.
Let@ condder alesstypica state of affairs S2for M (Fig.9).

i

S2

Fig.9. A lesstypical state of affairs for M in BWO.
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S2appersaslesstypical because Slis closer to the conventionsapplied in classic Al and
computer science examples, noneghdess S2can even be more redlistic: a plane surfaceis
depicted which intuitively bears the weight of the blodks; a block (the green ong can lie
on the red one without beng strictly nOthe blue (it lacks a vertical alignment); the
yellow block can hang througha par of cables, without actudly touching the red block,
so being over it, but still nGit, if M is the best approximation to S2in BWO (since it
admits a QlisconnectedOon).

Therefore, S2requires aricher theory to be distinguished from S1 This meanstha eithe
(i) S2isan intendeal state of affairs (it is expected by theintended conceptudization), but
BWO is not accurate enough to distinguish it from others accounted by the same modd
(there is afalse negaive possible world); or (i) S is not an intended state of affairs, but
BWO is not accurate enoughto excludeit (thereis afase postive possible world).

In both cases, the formal semantics does not comply with the intended conagptudization
(the cognitive semantics, cf. 1.).

Additiond aspects may be lacking for some intended usage, e.g.. temporal and spatial
condraints; thekind of space to be assumed; the color qudities of the blocks, etc.

Precision, recall and accuracy have been adgpted to formalize the fundiond fitness of an
ontlogy. On the othe hand, the purely formal characterization of P/R and accuracy is
neutral with respect to wha procedure is used to obtain the (false/true) postives resp.
negdives.

But such a procedure is needed, and it greatly influences wha data can be obtained.
Which modds are intended? which states of affairs? are intended modds decided with
reference to intended states of affairs? or are intended states of affairs only a refinement
of intended modds?

In realistic cases, sometimes an ontology is taken as a prescriptive set of rules, sometimes
it is received as a guiddine, and sometimes it is something to discuss or modify. These
different attitudes change the scenaio in which we are suppo®d to answer those
guestions Unfortunaely, the formaization does not hdp much, and can even be
misleading withoutan explicit procedure.

Simply stated, the applicability of fundiond measurement is key to the fundiond
evaluaion of ontlogies.

Applicability of functional measurement

The applicability of fundiond measurement is based on a process of matching. While
structural measurement andyses onestructure (a graph), fundiond measurement anayses
the correspondence between two structures. a graph, and something else, where this
something else is extremely difficult to capture without being part of the application
context.

Formal semantics can hdp defining a task by providing an intepretation to a graph, but
such interpretation depends on the commitment of (one or more) agent(s), and such
commitment is motivated by atypical expertise for ataskin tha context.

Intended conceptualization as (a schema of) expertise for some task

We are proposng tha an intended conagptudization correspondsto (part of) the expertise
of ontlogy intendad users, where the expertissObounday is provided by the task that
should be accomplished with the hdp of the ontology.

There is some disagreement on if expertise should be encoded in ontlogies, or in
knowledge bases [Guaino and Giaretta 1995] Anyway, since a knowedge base depends
on a schema (i.e. an ontology), at least the schema of an expertise should be encoded as
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an ontology. Thisisthe point we are making here: states of affairs can be progected (are
intended) only wrt to expertise for a task, then an ontology should be aimed at capturing
at least the schema of that expertise.

Another consquence of our proposl is tha modds are not OntendedO they can be
admitted or not by the usersOconaeptudization (cf. Fig.2), on the basis of said expertise.
In other words our semiotic perspective turns the problem upsde-down: formalization
comes as a tool to represent expertise and task, not as a requirement indgpendent from
expertise and task.

Expertise and tasks need to be captured where they are enacted or deposited, then
formalized.

But, since expertise is by default in the cognitive lack-boxQof rationd agents, ontology
engineers have to elicit it from the agents, or they can assume a set of data as a qualified
expression of expertise and task, e.g. texts, pictures, diagrams, db records terminologies,
metadata schemas.

2.3.2 Qualified expressions of intended conceptualization: some
measurement methods

Based on these assumptions precision, recall and accuracy of an ontology graph can be
measured agang: a) expertsQudgrent, or b) a data set assumed as a qudified expression
of expertsO judgnment. Therefore, we distinguish between bladk-box and glass-box
measurement methods

(1) Agreement assessment (bladk-box)

(2) User-satisfaction assessment (bladk-boX)

(3) Task assessment: what has to be suppoted by an ontology?(glass-box

(4) Topic assessment: wha are the boundaies of the knowledgedomain addressed by
an ontology?(glass-box

(5) Modularity assessment: wha are the building blocks for the design of an
ontlogy?(glass-box

Black-box methodsrequire rationd agents, because they dont explicitly use knowiedgeof
theinternd structure of an expertise.

Glass-box methods require a data set that GepresentsOtha knowledge, and, on this basis,
we can treat the internd structure of those daa as if it is the internd structure of an
expetise.

Agreement assessment

When expertsQjudgment is taken into account, precision, recall and accuracy can only be
measured throughthe propottion of agreement tha experts have with respect to ontology
elements; when a group of experts is consdered, we may want to measure the consensus
reached by the group® members.

Agreement assessment is a black-box measurement, since intended conceptudization is
left in the expertsOmind, and we only measure their approva (or the propotion of
congensus) on the set of ontology elements. This makes the measurement very reliable at
design-time, whileit needsareassessment at reuse-time.

Agreement assessment requires organized experts and ther availability to take part in a
trial. Many rhetorical and argumentation issues come into place when trying to measure
conensud weights; e.g. discussing by Gexamples and counerexamplesOis a typical
technigue When a conensusreaching methodology (e.g. [Uren et a. 2004,
[DILIGENT]) or a modular design (see bdow) has been used in the ontology lifecycle,
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this provides a preliminary measure for the evaluation of an ontology at design-time (but
it should bereassessed at reuse-time).

User-satisfaction assessment

A more (black-boxishOmethod is the measure of user satisfaction, which can be carried
out by means of dedicated polls, or by means of provenance, popukbrity, and trug
assessment.

User satisfaction provides an indirect measure of fitness to expertise and task, but requires
a careful profiling procedure to establish the compeency/subject area of the users
involved in apdl, orin angwork of trud.

Task assessment

A glass-box methodtypeis based onthe availability of data aboutthetask intended for an
ontlogy. Therefore, it deals with measuring an ontology according to its fitness to some
gods, preconditions podconditions condraints, options etc.

This makes the measurement very reliable at design-time, while it needs a reassessment at
reuse-time.

Task assessment requires a task specification. Three approaches can be singled out
service-, solution-, and task-based. The first two specify the task indirectly, while the
third isadirect specification.

(1) Service-specification-based. The process modd of an application can be usd to
evauae the P/R of an ontology. For example, if a service requires a certain 1/0
patern, the ontology should provide a vocabulary and axioms to the daa involved in
the 1/O process, such tha an appropriate application schema can be built, and the 1/O
process provides the expected results. Service specification can be a practical method
to fundional evauaion (in fact, it has been traditiondly used in conaeptual
moddling), butit could misstherelevant soda aspects of expertise, since atask is not
equivalent to an application: requirements can need more expressvity than tha
provided for computationd service specification.

For example, an experiment has been carried out on the Oracle Human Resources
(HR) schema (Fig.s 1011) in the contxt of the EU WondeWeb project
(http://wondeweb.semantiweb.org). The HR schema from the legacy application has
been reengineered as an OWL ontology, showing jud a few classes and propeaties
(8/10) tha actudly refer to the HR domain, while more than 40 propeaties are
provided jug as foreign keys. they are mostly bound to the application requirement,
not to the task requirements. After a careful remoddling, the numbe of classes and
propetiesinaeased (15/16), but with no need for the additiond propeties for foreign
keys. Inddentally, the remoddling changed the class/propety ratio from approx. 1:6
to approx. 1:1, which is closer to ontologies usualy consdered as GaccurateQ This
result is interesting here, because the remoddling process has considered HR from a
sodal (organizationd) perspective, notfrom apurey application-oriented perspective.

(2) Gold-standad-solution-based: A validated corpusof answers for a certain task (either
computationd or cognitive) can be used to evaluate the accuracy of an ontology. The
corpusis then used as a gold standard. This method checks the performance of an
onlogy-driven system with reference to those answers (cf. [Porzel et al. 2004). This
method is more effective than (1), but requires an intellectud pre-processing of
competency questions (see (3)) on a loca basis, and therefore it is not eadsly
genealizable.

(3) Explicit-task-based: Indead of matching an ontology to an application modd or to a
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pre-processed set of answers, we can directly match it to a task specification. A task
specification mug indude references to a donain ontology (it combines with topic
assessment, see next section). A task specification can be generic, then usable to a
large variety of applicationsand requirements. A task specification should take into
accountthe sodal context of progective applications
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Figure 10. The Human Resources schema reengineeringin OWL.
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Figure 11. The Human Resources schema remoddled by meansof a sodal ontology.

There are several examples of specification frameworks for tasks (cf. [Gangami et al.
2004] for a review and an axiomatic theory of tasks and plans). We report here three
very different approaches as a sample:

a)

b)
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Competency questions [GrYninge et al. 1996] are an informal method to
profile the type of queies tha users may want to make to a knowledge base
specified according to an ontology.

WSMO (Web Service Moddling Ontology) [Vasiliu et al. 2004] is a set of
ontlogies and specificationsthat can be used to formalize the profile, process-
modd, choreography, and orchestration of web services. WSMO specs can
refer to adomain ontology and can be generdl.

COS (Core Ontology of Services) [Oberle et al. 2004]is an ontology tha can
be used to formalize the sodal service that motivates the implementation of a
web service. COS specs are built as domain ontologies, can be very geneal,
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and can use a built-in vocabulary for the soda context of progective
applications

Topic assessment

Another (complementary) nonblack-box methodtypeis based on the availability of data
aboutthetopic covered by an ontology.

It deals with measuring an ontology according to its fitness to an existing knowledge
repostory (an information realization, cf. section 1.). This makes the measurement
reliable both at design-time, and at reuse-time.

Topic assessment requires a topic specification. Three approaches can be singled out The
first one is a grey-box approach, while the second and third are direct, glass-box
approaches.

(1) Choo= directory and annotte: opeated on a subject directory by annotting the
ontlogy with a subject labd: it@ a grey-box technique because subject labe do not
actudly reveal theinternd structure of an expertise, but act like (placeholdersOfor it.

(2) Reengineer and match: opeated on metadata repostories, such as terminologies,
informal diagrams, DB and OO schemas, etc. Reengineering is based on best practices
(e.g. thesauri to OWL), formal trandations (eg. FOL to OWL), and a lot of
cugomization. It requires enrichment of ontology with information objects tha can be
matched agang information realizations (e.g. lexical occurrences in texts). Once
reengineered, a source can be either imported or mapped: the degree of difficulty in
devising such activities provides P/R measures of the ontology. A more directed
measure can be obtained by consdering the source as a gold-standad-modd (cf.
[Maedche& Staab 2002).

A special case of Geenginexr and matchOis the direct reuse of another ontology,
withoutreengineeringit.

(3) Extract and match: opeated on data repositories, such as linguistic or image corpora,
databases, etc., by extracting information paterns and matching them to ontology
graph. Extraction is based mogly on learning techniques. Matching is controversial,
because it depends on the way daa are parsed; e.g. a same text can be pased in
different ways, thus obtaining different paterns E.g. in NLP, parsing terms (how
complex?) vs. syntactic structures. E.g. pasing statistically vs. rule-based. An
expeaiment with statistical parsing of syntactic paterns is [Ciaramita et al. 2005.
Othe work isin eg. [Brewster et a. 2004. See next section for areview.

The next section is dedicated to evaluation based on NL P techniques, which are currently
the mog investigated, and are combined with the other methodspresented here, so tha it
deserves an independent presentation.

2.3.3 Evaluation with NLP

When theontology islexicalized; i.e., it defines, at least to some extent, wha ingances of
classes and relationsare called in naura languaye, and there exists a subgantial amount
of textud doauments which contain information about the content of the ontlogy,
Natural Languaye Processing (NLP) can suppot ontology evaludion in several ways. A
typical such case is when the ontology directly suppots information retrieval or text
mining applications and thus concerns objects mentioned in web-pages or other large
repostories of texts (eg. newswire, biomedical or legd literature, etc.). One of the
simplest examples of lexicalized ontology is the kind used for newswire information
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extraction which is usualy based on three classes: (parsonO(e.g., Mayor Giuliani, Kofi
Annan, etc.), QocationO(e.g., Houdon, South East Asia, etc.), and rganizationO(e.g.,
U.N., Enron, etc.). Sometimes these classes are also assodated with relationssuch as Os-
located-inO (e.g., islocated-in(EnronHougon)) or  QvorksforO (e.g., works-
for(Kofi_Annan,U.N.)).

Corpus-based ontology analysis

If there is a corpusof doauments which contains the kind of information conasptudized
in the ontology, NLP can be used to identify mentions of ingances (i.e. occurrences in
text) of classes and relations (which is more complicated than string matching, e.g.,
genéprotein names and relationfparaphrases identification) which are mentioned in the
text. A corpusbased andysis of the ontology can reveal important propeaties of the
onlogy tha might not be discovered otherwise. Mo importantly it allows to estimate
empirically the accuracy and the coverage of the ontology.

Distributional properties

By identifying mentionsof ontlogical ingances in the corpusit is possible to countthe
frequency of classes (smilarly for relationg. Therelative frequency of each class c (or
relation) is the propottion of mentions of ontlogy ingances which are equd to c; i.e,,
P(c) = count(c)/sum i countc_i). Therelative frequency measures theimportance of each
class and provides a first simple measure of the ontlogy qudity. For example, in
newswire text the three classes above have somewha similar frequendes, while if the
corpusandysis revedls tha oneof the classes is much more unlikely than the others this
means tha there is something wrong with the indances of tha class. There might be
errors or an inaufficient number. If the ontology has a hierarchical, i.e., is-a, structureit is
aso posible to estimate the frequendes of highe of supeordinae concepts, the
frequency of a class ¢ then would be the sum of the frequendes of its descendants. The
probability of aconcept in a hierarchy can be computed as P(c) = sum j{c_j is descendant
of ¢} couni(c_j)/sum_i counfc_i). Each class can be seen as a randomvariable, this can
be useful to estimate the information-theoretica measures such as entropy H(c) = -sum
{c_j is descendant of c} P(c_j)logRc j). Entropy and other information theoretic
measures can be used to identify classes tha are particularly useful or basicO(Gludk &
Corter, 1985) Thusfor example in a general purpose ontology, a conaept such as QreeQ
which has many descendants similar to each other, islikely more important than a conagpt
such as GentityOwhich has very dissimilar descendants (e.g., organisms, artifacts, etc.).

One problem with trying to estimate distributond propaties of the orntology directly is
tha the existing lexicon associated with the ontology might be insufficient because it
contains only the names tha the expets have listed. Notice tha creating such
QlictionaiesOrequires not only domain expertise but also lexicographic expertise and it is
a dow and expendve process. Therefore typically the starting ontology lexicon is quite
limited. Thisissueintroduces two important metrics: precision and recall.

Precision and recall

When occurrences of the ontology indances are identified in a corpus two important
measures come to play an important role in evauaing propeaties of the onwlogy:
QprecisionQand GecallO(see previous section for a definition taken from [Baeza-Y ates &

Ribeiro-Neto,1999). A few preliminay concepts need to be defined: a Qrue positiveO
(TP) isan ingance which is correctly labded with oneclass defined by theontology; e.g.,

QAlan GreengpanOin the example below:
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1) Word Guessed/TrueLabd Answer type

Fed 0/ORG FN
charman 0/0 TN
Alan PER/PER TP
Greenppan PER/PER TP
was 0/0 TN
in 0/0 TN
Philaddphia LOC/LOC TP
today LOC/0 FP
. 0/0 TN

A Qalse postiveO(FP) is an ingance which is incorrectly labded with a class labd; e.q.,
QodayOlabded as a GocationOin Example (1). Similarly, a Gase negaiveO (FN) is
ingance of a class which is not recognized as such, e.g. GFedOin example (1), while a
Qrue negaiveO (TN) is correctly not recognized as an ingance of a class;, eg.,
zhairmanQ QvasQ etc. in Example (1).

Intuitively, precision measures the ability of a system in recognizing indances of a given
class, while recall measures the coverage of the system, tha is how many true ingances
were left out Measuring precision and recall requires manud tagging of enoughtextud
data to be able to compare the empirical lexicon so generated with the ontology lexicon.
Typically, the lexicon tha is defined by the experts has a good precision because it is
unlikely tha wrongingances were placed in any classrelation lists. However, thelexicon
defined by theexperts can belimited on several aspects:

- It can have very low coverage, thusmiss important ingances
- It is not a sample of the domain thusit can over-represent certain types of objects and
unde-represent others

Precision and recall are often combined in asingle score which isthe
hamonic average of P and R, called F-score:

P#R

F=(l+")—"
) Ry

Population and knowledge discovery

NLP can be used for assisting experts in popukting the objects defined by the ontology.
Machine learning methodsfor supevised and unsupavised classification can be applied
to corpusdata to retrieve unknown ingances of ontology objects. So far mog of the work
in this area has concentrated on the problem of finding nev members of of a class of
objects (cf. Riloff, 1996;Roak & Charniak, 1998, and on finding examples of structural
relationssuch as is-a (Hearst, 1992Pantel & Ravichandran, 2004) or pat-of (Berland &
Charniak, 1999) Recent work however has focused also on discovering class attributes
(Almuhaeb & Poesio, 2004) and arbitrary relation between classes (Ciaramita et al.,
2005) Automatic or semi-automatic popuktion of ontology objects is valuable also in
terms of evaludion. In fact, it is posible tha new senses of already known instances are
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discovered, for example because the indance is polysemougambiguous (e.g.,
QWashingtonO's a person and alocation).

Task-oriented evaluations

Ontologies are developal to play arole in information and knowledge management tasks.
The mod reliable evauation of an ontology is the quantification of its postive impact on
the task peformance. In languaye-related tasks, where ontologies can provide a crudal
suppot for inference, it has been obsrved that ontology can improve a system's
performance; e.g. in Information Retrieval (Welty et a., 2003) and in automatic
Question/Answering (Pasca & Harabagiu, 2001) For example, ataxonormical structure of
nomind conaepts can hdp a system to find the right answer for a question such as QVhat
flowers did Van Gogh pant?Q Hence, a task-oriented evaluation provides first of all
empirical meansfor comparing the paformance of a system with and withoutontological
suppot. Secondly, it provides a straightforward way of compaing competing ontologies
for thesame task by comparing thar peformance.

Furthermore, empirical appllicationsto high-level tasks such as question answering or
information retrieval alow ontology developas to investigate error paterns of the
ontology and therefore offer a way of undestanding the behavior and limitations of
current ontologies in suppoting inference. Therefore task-oriented evaluaions provide
empirical suppot for further development and improvements of theontology itself.

2.3.4 Modularity assessment

Another method typeis based on the availability of daa aboutthe design of an ontology.
Therefore, it deals with measuring an ontology according to its fitness to an existing
repostory of reusable components. This makes the measurement very reliable both at
design-time, and at reuse-time. On the other hand, modularity can only be assessed easily
ononilogies that have been designed with an appropriate methodobgy.

Modularity assessment requires a specification of reusable components, for example, it
requires (one or more) libraries of ontologies, with indications of ther provenance,
specificity, application history, etc. (cf. aso the usability-profile section, 2.4).

Modular designs are not indegpendent: they require that a task and topic assessment has
been peaformed in advance, at least a some level of genedity in the case of reusable
geneic components.

Modularity depends on topic assessment, because we need to know what theories are
needed in a certain ontology project [Fernandez-Lopez et al. 2004.

Modularity aso dependson task assessment, because we need to know how much of a
reusable theory is needed. This dependence causes a form of circularity: a reusable
component has to be assessed aganst a task, butit is suppo®d to provide a ready-made
solution to task assessment. For example, if we need a theory of calendar relations we
assume that the onewe are going to reuse has a built-in task-oriented accuracy, seemingly
quite generic. On the other hand, our ontology projectCtask might require only a fragment
of tha calenda theory, thusdictating its own task over the reusable component.
Thereisnotrivia solutionto thiscircularity, and a goodpractice is to isolate the fragment
as much as possible, and to import it. This approach is applied more effectively if a
reusable component spots its content design paterns if any [Gangemi 2003.

Stratification

A notable example of modularization architectures employs reference and core
ontologies, which alow to factorize ontology projects, aswell as thar qudity assessment.
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For ontologies designed with a stratified moduarization methodobgy (cf. Fig. 12),
assessment is straightforward, provided that topic and task are clear enough.The typical
architecture of dtratification requires a foundaiond layer on which a core ontology is
built or reused in accordance to the topic and task of the ontology projects, and domain
ontlogies are pluggeal into the core layer.

For ontologies tha have no (or anon-dtratified) modular design, assessment is much more
complex, and requires firstly a modularization procedure, and secondly an assessment
with respect to thar task and topic. Thisistypically needed in reengineering projects, e.g.
with legacy thesauri or terminologes.

For example, in the Fishey Ontology Service project [Gangami, Keizer, et al. 2004,
legecy fishery thesauri have been reengineered and modularized according to an informal
legecy topic hierarchy and core ontology of fishery (Fig. 13). Theresulting modules have
been matched to existing components for the different topics and tasks addressed by the
project. It resulted tha, on one hand, the legacy ontologies had a defective
modularization, which has been restored by mapping the legacy modules to a newly
added core ontology; and, on the other hand, that existing reusable components were not
able to provide a satisfactory matching to the very different modules arising from the
modularization procedure.

Foundational ontology (domain-independent)

{Object, Process, Part, Time, Location, Representation, Plan, ...}

inherits from

Core ontology (specific domain-independent)

{Work of art, Painting technique, Author, Artistic period, Plastic art, Interpretation, ...}

inherits from

Domain ontology

{Sculpture,Restoration, Mythical being, Caryatid, Doric order, Armilla, Fresco, ...}

Figure 12. In an ontology for historical works of art, domain onftologies define a
vocabulary thatistypically stratified in founddional, core, anddomain layers

The results of this evaluaion can be summarized by saying tha in realistic projects,
dratification is usudly less @ristined Domain modules often contain bits and pieces of
other domains (e.g. geology and law in fishery), thus requiring the reuse of gened
purpose ontlogies like OntoWordNet, which are usudly unsatisfactory with reference to
agreement and task assessment.
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Fishery domain
ontologies -
"roof"” and "“floors"

/

OntoWordNet

fragments - Fishery core

"posts” ontology -
“walls”

\

DOLCE foundational

ontology - "ground”
Figure 13. The stratification resulting after moduarity checking in the fishery ontology
service project. Modules unavered by existing reusable ontology conponents hawe been
covered by usng a reengineered version of WordNet (a sub-optimal solution).

A find remark should be made on modular design based on organizational design, which
isdiscussed in 2.4. This kind of modularity depends on the organization tha employsthe
ontlogy rather than on off-the-shdf components.

2.4 Measuring the usability-profile of ontologies

Usability-profiling measures focus on the ontology profile, which typically addresses the
communication context of an ontology (i.e. its pragmatics). An ontology profileis a set of
ontlogy annottions i.e. the metadata aboutan ontology and its e ements.
Annottionscontain information aboutstructural, fundiond, or user-oriented propaties of
an ontlogy. The structural and fundiond propeties have been presented in 2.2 and 2.3.
Some purely user-oriented propeties (e.g. autharship, price, versioning, organizational
deployment, interfadng, etc.) are introduced in this section when needed.

Here we propo® some andytical levels conaerning usability profiling. The idea is to
identify specific parameters to beter undestand the relations beween users and
onlogies. Theidentified andytical levels are recognition, efficiency, and interfacing.
The addad value of this andysis of usability levels is to explicitly match user needs and
the ontlogy development process. Following these usability dimensons it should be
possible to involve a wider variety of users in the effective exploitation of ontologies.
Moreover, usability levels are aso useful to design specific ontologies for particular user
communities.

Recognition annotations

The recognition level makes objects, actions and options visible. Users need an easy
access to theindructionsfor usng ontology in an effective way, and an efficient process
to retrieve appropriate meta-information. Tha is, give your users theinformation that they
need and allow them to pick what they want. Hence recognition is about having a
complete doaumentation and to be sure to guaantee an effective access.

Another point is to not force users to recal information, unless abslutely necessary.
Search engines have largdy been successful because they shift a memory burden away
from users. They store and recall information for users and then, when the results are
displayed, users smply perform arecognition task. Since recognition is better than recall,
and since overall performance improves, the usability is augmented.
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Wha was the name of your fifth-grade teacher? A question such as this is a request to
QecallQinformation from your long-term memory. If, in addition to this request, you are
given afew hints or cues as to the desired name, the memory test becomes a Gued recallO
test. If you are given a list of four names, oneof which is the name of your teacher, the
memory test becomes a @ecognitionCrest (cf. [Kaakinen et a. 2002).

Ontologies are more usable if they can be recognized appropriately. But information
about ontologies cannotbe always got from ther structure, and fundiondity tests cannot
be replicated so easily. Therefore, ontology recognition requires an adequde set of
annogtions which can be preliminarily classified as follows:

1. Annottions(of theoveral ontology) aboutthe ontology structure
*  Graph measures
* Logic-typeand computationd complexity
* Meta-congstency
* Modularization (e.g. owl:imports)
2. Annottionsaboutthe ontology fundion (either at design-time or reuse-time)
* Lexical annottion of ontology elements (ind. multilingud)
* Glosses (e.g. rdfs.comment) aboutontology elements
* Agreement status
* User satisfaction (e.g.
http://smi.protege stanford.edu:8080KnowledgeZon€) and trud rating
* Task/use case of theoverall ontology (both origindly and during its
lifecycle)
* Topic (e.g. rdf:abou) of theoverall ontology
* Modularization design of theoveral ontology
3. Annotationsabouttheontology lifecycle (either of the overall ontology, or of its
elements)
*  Provenance
* Methodsemployed
* Versioning (e.g. owl:versioninfo)
*  Compdibility (e.g. owl:incompdibleWith)

The annottions from types 1. and 2. conaern the structural and fundiond measures
presented in previous sections. The annottions from type 3. are propg pragnatic
informations(Fig.2), which profile the actud usage context of an ontology.

Amount, conpleteness, and reliability of annottionsare usability measures ranging on the
aboveannottions

Notice tha annottions can be resdent in an ontlogy file, linked through a URI,
dynamically produecd when needed (e.g. by a local software component, or through a
web service), or retrieved from an incrementally growing repostory (e.g. from a porta
tha collects usersQfeedback). Here we abgract out of these different availability systems.

Efficiency annotations

An interesting andytical level concerns the variety of ontology potential uses. Ontology
should be designed in order to satisfy the needs of both experienced and inexperienced
users. Moreover, it isuseful to better undestand those possible user behaviours that could
drift the ontology use-patern. Users should be able to achieve thar gods in an efficient
manne. In order to look at the user's produdivity, an andogy to opeating a microwave is
used.
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The microwave analogy. People cog a lot more money than machines, and while it
might appear that increasing machine produdivity mug result in inaeasing human
produdivity, the opposte is often true In judging the efficiency of ontology, we need to
look beyondjug the efficiency of the machine For example, which of thefollowing takes
less time? Heating water in a microwave for oneminute and ten secondsor heating it for
oneminute and eleven second¥® From the standpont of the microwave, one minute and
ten seconds is the obvioudy correct answer. From the standpont of the user of the
microwave, one minute and eleven secondsis faster. Why? Because in thefirst case, the
user mug press the onekey twice, then visudly locate the zero key, move thefinge into
place over it, and pressit once. In the second case, the user jud presses the same keyEthe
one keytthree times. It typically takes more than one second to acquire the zero key.

Hence, the water is (processedOfaster when it is thestedOlonge. Other factors beyond
speed make the 111 solution more efficient. For example, seeking out a different key not
only takes time, it requires a fairly high level of cognitive processing. While the
processing is undeway, the main task the user was involved withBcooking ther meab
mug beset aside Thelonger it is set aside, thelonger it will take to reacquireit.

The managing-operating-balance principle. The prindple learnt from the andogy is
such that, since typically the highest expense in a busnessislabor cog, any time the user
mug wait for the ontology to respondbefore they can proceed, money is beng log. The
bdance between managng indructions and operating heating trandates in ontology
engineering to a balance between managing ontologies at an organizationd level and
opeating ontologies.

As a matter of fact, in orde to maximize the efficiency of a busness or an organization,
we need to maximize everyondd efficiency, nat jug the efficiency of a single group
therefore synchronization and management of distributed ontologies used by different
groupsis as much important asther local, individud deployment.

Large organizations tend to be compatmentalized, with each group looking out for its
own interests, sometimes to the deriment of the organization as a whole. Information
resource departments often fall into the trap of creating or adoping ontologies that result
in increased efficiency and lowered cods for the information resources department, but
only at thecod of lowered produdivity for thecompany as awhole.

The organizational fitness principle. The managing-opeating-badance prindple boils
down to some requisites (parameters) for the organization-oriented design of ontology
libraries (or of distributed ontologies), which provide condraints to one or more of the
following entities. organization architecture, (conplex) application middleware, trading
propeties, cod, accessbility, developnent effort. These paameters are defined by the
prindple of organizationd fitness, and are annotted as follows:

1. Annottions(either ontheoveral ontology, or on ontology elements) aboutthe
organizational design of a modularized ontology, and aboutthe middeware that
allows its deployment

2. Annottionsaboutthe commercial (trading, pricing) and legal (policy, disclaimer)
semantics

3. Annottionsaboutthe application history -with reference to development effort
(task- or topic-specificity applied to atoken scenario) of an ontology

These annottions can also be consdered within the pragmatic dimenson of ontology
enginesring.

Annotations2. and 3. (butnat 1.) can beapplied to isolated ontologies.

Presence, conpleteness, and reliability are usability measures ranging on the above
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annottions

Interfacing annotations

Theinterfacing level concernsthe process of matching an ontology to a user interface. As
far as evauation is concerned, we are only interested in the case when an ontology
indudes annottions to interfacing opeations For example, a contract negotiation
ontlogy might contain annottionsto alow an implementation of e.g. a visual contract
moddling languagelf such annottionsexist, it isindeed an advantage for ortologies that
are tightly boundto a certain (computationd) service. On the other hand, such annottions
may result unnecessary in those cases where an interface languae exists tha maps to the
core elements of a core ontology e.g. for contract negotiation.

Presence, conpleteness, and reliability of interface annottions are further usability
measures.

2.5 Ontology validation: qoods, principles, parameters, and
trade-offs

Evaluaion is important, but within a given project, we may want to validate an ontology
according to the criteria tha are relevant for that project. In practice, we may want to
define qudity paameters that range over some of the attributes obtained from structural,
fundiond, or purely user-oriented measurement.

In section 2.1 we have aready introduced the distinction between qoods(qudity-oriented
onlogy descriptiong, prindples (elementary qood3, value spaaes, parameters,
dependendes and preference fundionsbetween parameters, and provided an example of a
tradeoff, needed when composng prindples with conflicting parameters.

In this section, we give a till initial, but more detailed presentation of prindples, some of
thar typical paameters, and an andytic case for atrade-off.

Some principles and parameters

Prindples are defined here as structured descriptions of the qudity of an ontology
(@ood%): they are considered elementary qoodsbecause they usually define a limited set
of parameters condraining ontology propeties in order to suppot a common goal
Prindples also lack conflicting parameters.

Hereisalist of some princples emerged in the practice of ontology engineering:

Cognitive ergonomcs

Transparency (explicitness of organizing prindples)

Computationd integrity and efficiency

Meta-level integrity

Flexibility (context-boundeiness)

Compliance to expertise

Compliance to procedures for extengon, integration, adgptation, etc.
Generic accessibility (computationd as well as commercia)
Organizationd fitness

The paameters defined by prindples can be complex, but at the current state of research,
they are usudly simple scalars ranging on the measurement value spaces provided in 2.2-
2-4,
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Here is a list of parameters defined by the prindples introdued above for
comprehengbility, each parameter is presented with the name of measure on which it
ranges, preceded by a+ or Bbsignto indicate the scalar region condrained within thevalue
Space:

Cognttive ergononics. Intuition: this prindple progects an ontology tha can be easly
undestood, manipulated, and exploited. Parameters:

-depth

-breadth

-tangledness

+class/propeaty ratio

+annottions(esp. lexical, glosses, topic)

-anonynousclasses

+interfacing

+paterns (dense areas)

Transparency. Intuition: this prindple progoects an ontology that can be andyzed in
detail, with arich formalization of conagptud choices and motivations Parameters:
+modularity

+axionmy/classratio

+pdterns

+gpecific differences

+patitioning

+accuracy

+complexity

+anonynousclasses

+modularity design

Computationd integrity and efficiency. Intuition: this prindple progpects an ontology that
can be successfully/easily processed by a reasone (inference engine, classifier, etc.).
Parameters:

+logical congstency

+digointnessratio

-tangledness

-restrictions

-cycles

Meta-level integrity: Intuition: this prindple progoects an ontology tha respects certain
ordering criteriatha are assumed as qudity indicators. Parameters:

+meta-level consstency

-tangledness

Flexibility Intuition: this prindple progects an ontlogy tha can be easily adgpted to
multiple views. Parameters:

+modularity

+patitioning

+context-boundeiness

Compliance to expertise Intuition: this prindple progpects an ontlogy tha is compliant to
oneor more users. Parameters:
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+precision
+recall
+accuracy

Compliance to procedures for mapping, extensgon, integration, adaptation Intuition: this
prindple progects an ontlogy tha can be easly unde'stood and manipulated for reuse
and adgptation. Parameters:

+accuracy(?)

+recognition annottions(esp. lexical)

+modularity

-tangledness(?)

Organizationd fitness Intuition: this prindple progects an ontology tha can be easly
deployed within an organization, and tha has a good coverage for tha context.
Parameters:

+recall

+organizationd design annottions

+commercial/legd annottions

+user satisfaction

+organizationd design annottions

Geneic accessibility Intuition: this prindple prospects an ontology tha can be easly
accessed for effective application. Parameters:

+accuracy (based ontask and use cases)

+annofations(esp. policy semantics, application history)

+modularity

-logical complexity

Preference and trade-offs

Due to partly mutud indgoendence of prindples, the need for a preferential ordering of
qudity parameters required by different prindples often arises (e.g. because of a conflict,
or because two parameters from different principles are unsugainable with existing
resources), and sometimes that ordering is actudly a tradeoff. Tradeoffs are needed
when two or more prindples should be composed. OntoMetric [Lozano-Tello et al. 2004
is an example of atool tha suppots measurement based on a preferential ordering.

A trade-off is based on meta-paameters, e.qg.. available resources, available expertise,
busnessrelations, tools, etc.

An example in legal ontologies

We explain with a smple example how trade-offs appear from prindple compostion.
Transparency and conmpliance to expertise prindples usudly require content ontology
design patterns (cf. [Gangemi 2005), involving hub nodes (classes with several
propeaties, cf. [Noy 2004), then thos prindples require a high rate of dense areas
parameter. But dense areas often need the definition of sets of (usudly existential) axioms
tha potentially induee complex (in)direct cycles. Consequently, high rate of dense areas
dependson a high complexity parameter.

The content design pattern for the LimitViolation patern is an example of such a case
(Fig.14).
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requisiteFor

ViolationParameter | defines 1
T ~.] LimitViolation
| dUsedBy q7»
Legal Role Legal Task
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Value Region | * [ ] >
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Figure 14. The LimitViolation pattern in UML, showing a potential indirect cycle: a
description of limit violation defines violation parameters ranging on sone value spae
(e.g., spead), also assigning (legal) roles and tasks to legally-relevant entities: control
systems, vehicles, persons adions etc. A violation case conforms to the description if
legally-relevant entities and values are classified by parameters, roles, andtasks.

The LimitViolation patern contains the following axioms (restrictiong tha conditute a
cyclical pah, encoded here in OWL abdract syntax (correspondng to the red pah in
Fig.14):

Class(LimitViolation partial restriction(defines someValuesFrom(ViolationParameter)))
Class(ViolationParameter partial restriction(classifies someValuesFrom(ValueRegion)))
Class(ValueRegion partial restriction(observedBy allValuesFrom(LegalControlSystem)))
Class(LegalControlSystem partial restriction(classifiedBy someValuesFrom(LegalRole)))
Class(LegalRole partial restriction(d-used-by someValuesFrom(LimitViolation)))
Class(LimitViolation partial restriction(defines someValuesFrom(ViolationParameter)))
Class(ViolationParameter partial restriction(classifies someValuesFrom(ValueRegion)))
Class(ValueRegion partial restriction(observedBy allValuesFrom(LegalControlSystem)))
Class(LegalControlSystem partial restriction(classifiedBy allValuesFrom(LegalRole)))
Class(LegalRole partial restriction(d-used-by someValuesFrom(LimitViolation)))

If an ontology project usng thelimit violation axioms is based on a goodtha ams at both
a trangarency prindple, and a computational efficiency prindple, and we aready know
(2.1) tha it requires a low rate of cycles parameter (cf. [Berardi et a. 2001 for the
complexity of description logic ports of UML modds), then we get a conflict of
paameters (Fig.15).

Therefore, a trade-off may be needed in an ontology project that uses the limit violation
axioms. Thetrade-off can be applied by following two approaches.

The first approach defines a preference ordering over the paameters, as shown in 2.1,
which in the example leads either to accept the complexity, or to dismiss the patern.

The patern is in this case essentia to the ontology, then, if the low rate of cyclesis also
required because of e.g. available computationd resources, we must resort to the second
approach: relaxation of parameters.

The possible methods to relax the parameters should act on either the reasoning
algorithm, or the axioms. Since the first cannot be changed easily in mog ontology
projects, the best practice is to modify the modd according to some tuning practices e.g.
involving generaization over restrictions which in our example can bedoneon oneof the
following axioms by subdituting the class in the restriction with its superclass:
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Class(ValueRegion partial restriction(observedBy allValuesFrom(ControlSystem)))
Class(LegalControlSystem partial restriction(classifiedBy allValuesFrom(Role)))

Compliance to
expertise, explicitness

Computational efficiency

requires

. requires
Pattern density

Low complexity
cl{ssiﬁes

d{ssiﬁes
Restriction hubs

Low-rate of cycles
i uces*

High-rate of cycles

*#% Which principle/parameter should get a higher rank?

Limit-violation-ontology diagnosis

Quality-oriented ontology description
defines =t
i 1%
Quality parameter Ontology el nt role Ontology el it task
o has_requisite o e
classifies classifies classifi 4 i_hy
1.4 has_attribute
Value space Ontology el it Ontology-driven process
X
14 4%
1.
< setting_for
Ontology intended use situation

Limit-violation usage situation

Figure 15. A good (a diagnoss of an ontology project usng the limit violation pattern)
that composes two prindples requiring conflicting parameters.
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3. Related work: state of the art in ontology evaluation

As oppo=d to the appaent smplicity of the four questionswe have used to frame the
problem of ontology evaludion (see Section 2.1), the available literature on the subject is
more complex, fragmentary. Any given approach may address more or less specific
versionsof our questions and often more than one of the dimendons we have treated is
discussed at the sametime.

[Hartmann 2004] tries to systematically disentangle issues by providing a classification
grid for ontology evaluaion methods Such grid is jud as generd as, thoughdightly less
theoretical than our four questions It alows to present ontology evaluaion methodsin
terms of ansversto thefollowing questions

* Wha is the consdered methodtool like? Subodinaely: wha isits god (God)?
Wha fundionsare suppoted by it (Fundion)? At which stage of development of
an ontology may it beapplied (Application)?

*  How usful is the method?Subordinaely: for which type of usersisit conaived
(Users types. Knowledge Enginears, Project Manages, Application Users,
Ontology Developes)? How relevant is it to practice (Usefulness)? How usableis
it (Usability)? For which type of uses was it conceived in the first place (Use
cases)?

In therest of this section, we review variousapproaches tha are relevant to our work. In
order to allow the comparison between different approaches, the two above groups of
guestionsare used as backgroundstructure of our review.

3.1 Evaluation by structure measuring

There exists a number of mathematical theories of how to describe and measure
(graphical) structures. Themos genera ones are Graph Theory and Metric Theory. These
define notionsthat are certainly relevant to the problem of ontology evauaion, but thar
level of abdraction makes them unauitable for direct application. As oppo®d to this
gtudion, [Yao et a. 2005] defines a nunmber of Cohesion Metrics tha are specific to
onlogies.

Cohesion Metrics

According to [Yao et al. 2005] cohesion traditiondly refers to the degree to which the
elements in a module bdongtogeher. In olyject-oriented software, cohesion refers to the
degree of therelatedness or consistency in fundiondity of the membersin a class; strong
cohesion is recognized as a desirable propety of object-oriented classes because it
measures separation of responsbilities, indgendence of components and control of
complexity. Research from software cohesion metrics shows tha actudly the mog cited
software cohesion metrics are theoretically based on conaepts similar to those of objects.
Because cohesion metrics are intended to measure modularity, metrics similar to the
software cohesion metrics can be defined to measure relatedness of elements in
onlogies.

The authors propo% to see ontology cohesion metrics as pat of a measure for ontology
modularity: ontology cohesion refers to the degree of the relatedness of OWL classes,
which are semantically/conaeptudly related by the propeties. An ontology has a high
cohesion vaueif its entities are strongly related. Theidea behind this is tha the conagpts
groupd in an ontology should be conceptudly related for a paticular domain or a sub-
domain in order to achieve common gods.

Pagina44di 53 6-09-2005



In terms of the two groupsof questionsindicated in the introdudion to this section, the
goal of Cohesion Metrics is to measure relatedness of elements in OWL ontologies. The
ddfinitionsthat suppot the proposd metrics are the following:
e Cy, Cy, E, Cmbetheset of m classes explicitly defined in an ontology.
e Py, P, E, Pnbetheset of n propaties which work as relationship between the set
of classes.
e Fe, Feo, E |, Fem, bethefanoutof each class Ci in the set.
* O bean OWL ontology of interest.
* — besubtype relationship from C; to C; such tha C; — G if class Cj isa subdass
of classC; .
* A beafiniteset and T beardation,then T isatreeif thereisavertex Vo in A and
there existsauniquepah in T from V, to every other vertex in A.
* A beafiniteset and T bearelaiononA. A vertex V,, has a Fanoutof degree m if
there exist m relationdhipsto other verticesin A.
* Abeafiniteset and T bearelationonA. A vertex Vq is called aleaf of thetree if
it has Fanoutof degree 0.

Three are the Coehson Metrics, i.e. the fundions defined in terms of the notionsgiven
above

Number of Root Classes (NOR) is the number of root classes explicitly defined in the
ontology O; . A root class in an ontology means the class has no semantic supe class
explicitly deéfined in theontology O,. Mathematically, NoR can beformulated as follows:

NoR(O) = Z C; for al 1<j=n (nunmbe of rootclassesin O;)

Number of Leaf Classes (NoL) is the number of leaf classes explicitly defined in the
onlogy O.. A leaf class in an ontology means the class has no semantic subdass
explicitly deéfined in theontology O,. Mathematically, NoL can beformulated as follows:

NoL(Oj) =Z L for al 1<j<n (number of leaf classesin O))

Average Depth of Inheritance Tree of Leaf Nodes (ADIT-LN) is the sum of depths of
al pahs divided by the total numbe of pahs A depth is the total nunber of nodes
starting from the root nodeto the leaf nodein a path. The total number of pathsin an
onlogy is dl distinct pahs from each root nodeto each leaf nodeif there exists an
inheitance path from the root nodeto the leaf node And root nodeis the first level in
each pah. For example, ADIT-LN of an OWL ontlogy is described in Fig. 3.
Mathematically, ADIT-LN isformulated asfollows:

ADIT-LN(G;)) =Z D;/ nfor all D; (D; istotal nunmber of nodes on jth path)
for 1<j=n (numbe of pahsin O))

3.2 Evaluation by function measuring

Mog of the literature on ontology evaluaion foauses on fundiondity-related issues. The
fundiondity of an ontology is modly measured by evaluaing its appropriateness as
semantic backboneof either decision-suppot or information systems tha opeate in the
domain represented by theontology.
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In the following, we consde some andyses and proposed methods for evaluaing the
fundiondity of an ontology: OntoMetric, OntoClean, Eval exon, Methonblogy, Content
Evaluaion.

OntoMetric

OntoMetric [Lozano-Tello et a. 2004]is an adgptation of the Andytic Hierarchy Process,

I.e. amathematical method for scaling priorities in hierarchical structures. The main goal

of thismethodis to hdp choo% the appropriate ontology for a new project. The fundions
suppoted by OntoMetric are the ordering by importance of project objectives, the
guditative andysis of candidae ontologies for the project, the quantitative measure of the

suitability of each candidate. The application of OntoMetric can only follow ontology
release. The method is meant for users types like Engineers or Project Managers who

need to look for ontologies over the Web at the purpose of incorporating them into ther

systems. Therefore, OntoMetric makes itself useful as a suppot to the evaluaion of the
relative advantages and risks of choosng an ontology over others.

The main drawback of OntoMetric is related to its usability: specifying the characteristics
of an ontlogy is complicated and takes time; assessing its characteristics is quite
subjective. On top of this, the numbe of use cases is limited, which is an important
obgacle to defining (inter-subjective or objective) parameters based on a large enough
nunmber of comparable cases.

OntoClean

As oppogd to OntoMetric, OntoClean [Welty et a. 200]] is meant for application at the
pre-moddling and moddling stages, i.e. during ontology development. The main goal is
to detect both forma and semantic inconsistencies in the propeties defined by an
onlogy. The main fundion of OntoClean is the formal evaluaion of the propaties
defined in the ontology by means of a predefined idedl taxonomica structure of meta-
propeties.

EvalLexon

Similarly to OntoClean, Eval exon findsapplication at the pre-moddling/modding stage
[Spyns2005] The main goal here is to evaluae at development time ontlogies that are
created by human bengsfromtext. In sharp contrast with OntoClean, Evalexon is meant
for linguistic rather than conceptud evaluaion. Its main fundion is the measurement of
how appropriate are theterms (to be) used in an ontology. A term is judged more or less
appropriate depending onits frequency both in thetext from which theontologyis (beng)
derived and in a list of relevant domain-specific terms. Regression allows for direct and
indirect measurement of the ontology@ recall, precision, coverage and accuracy.

Task-based approach

In [Porzel et a. 2004] a linguistics-based approach patly comparable to Evalexon is
defined.
The goal of the proposl is to evaluae ontologes with respect to three basic levels:
vocabulary, taxonony and (nontaxonomic) semantic relations As these levels are dso
subject to different respective learning approaches - the common notion of error rates,
such as foundin word - or conaept-error rates suffices for each level of evaluaion. The
resulting task-based evaluaion should show either of thefollowing shortcomings

* insertion errorsindicating supefluousconcepts, isa- and semantic relations

* ddetion errorsindicating missing concepts, isa- and semantic relations
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* subditution errors indicating off-target or ambiguousconaepts, isa- and semantic
relations

Moreover, given appropriate tasks and maximally indegpendent algorithms opeating on
the ontlogy in solving these tasks and given thetask evaludion gold standads, the error
rates can be calculated that correspond to specific ontological shortcomings of the
trandation of error rates to the three basic ontological levels.By applying this evauation
scheme, improvements in the ontology can be tested and measured tha are broughtabout
by learning approaches tha target the same levels and issues in the ontology learning and
popuktionfield.

Similarly to Evalexon, the fundionsproposd here are based on two key arguments. the
task and the gold standad. The task needs to be sufficiently complex to constitute a
suitable benchmark for examining a given ontlogy. Especidly if the target of the
evaluaion is to indude nontaxonomic relations as well, tasks are needed where the
performance outcome hinges subdantially on the way these relationsare modded within
the ontology. The gdd standad is a perfectly annotted corpus of pat-of-speech tags
word senses, tag ontological relations given sets of answers (so-called keys) used to
evaluae the peformance of agonthmsthat are run on the ontology to perform thetask.

Methontology

The intended users of the Methonblogy framework [Fernindez-L—pe et a 2004] are
domain expeats and ontblogy makers who are not familiar with implementation
environments. Thegoal isto let them build ontologies from scratch. To this end a nunber
of fundions are provided tha enable easier intermediate representations of ontologies.
Such representations are meant to bridge the gap between how people think about a
domain and the languayes usudly used to define ontologies at the formal level. In other
words Methonblogy makes it possible to work on ontologies at the knowledge level
only, and it does so by suppoting fundions like the specification of the ontology
development process as well as of its life-cycle (based on evolving prototypes); the
specification of onwlogies at the knowledge level; the multilingud trandation that
automatically trandorms the specification into several target codes.
Methonology is well exemplified by the following specification of a process of ontology
re-use
* gpecifying the requirements the ontology mug satisfy in the new application
(purpose, language in which it is needed, key aspects that should be moddled,
scopebthelatter defined throughcompetency questions;
* searching an ontlogytha covers mog of theidentified necessities,
* adapingthechosn ontology so that it satisfies the necessities completely;
* integrating the ontologyin the system (this may involve languagetrandation).

A conaete example of howthe intermediate representationswork is provided in [Blazquez
et a. 1998] Here the intermediate levels are used to facilitate the selection of time
ontologies by nonexperts. On the one hand, the article shows how such levels congst of
very intuitive and basic definitions of entities and relations which emerge from
main(stream) theories of time and are visudized throughtables and graphs On the other
hand, the article points at the scarcity of ready-for-use intermediate conceptua modds of
time ontologies, a serious obgacle for the andytica work required by the specification
process spdled out above
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Content and ontology technology evaluation

In the context of a discussion on fundiond and usability-related aspects of ontology
evauaion [G—maz-PZrez 2003 a distinction is drawn between two main evaluaion
dimensons content evauaion and ontology technology evaluaion. This distinction may
well be used for classifying the ontology evaluaion methodsintrodue so far, as well as
for framing theissue of ontology evaluaionin general terms.

On the one hand, content evaluaton is related to the KR paradigm tha undelies the
language in which the ontology is implemented (be it RDF schemas, description logic,
first order logic, etc.). As dready pointed out for methods like OntoClean or
Methonblogy, the goal of content evaluation is to detect inconsstendes or redundandes
before these spread out in applications. The application of content evaluation techniques
should take place during the entire ontlogy life-cycle, as well as during the entire
ontlogy-building process. Fundions should suppot the evauaion of conoept
taxononies, propaties, relationsand axioms

On the other hand, ontology technology, i.e. ontology development tools like OlLed and
ProtZgZ, should be subject to evaluaion too. Herethe goal is to ensure smooth and correct
integration with indudrial software environments. The application of such evauaion
should be directed at the expressiveness of the KR modd undelying the ontology editor;
the tool® interopeability, in terms of qudity of import/export fundions (i.e. how much
knowledge is lost with format trandormation), scalability (i.e. how different building
platforms scale when managing large ontologies with thousndsof components, as well as
time required to open and save, etc.), navigability (e.g. how easy it is to search for a
componant), usability (e.g. user interfacesOclarity and congstency), and available content
evaludion fundions There are no implemented fundions for evauaion ontology
technology, but systematic compaisons between tools have been conduded by SIG3
(Specia Interest Group on Enterprise Standad Ontology Environments).

Based on the distinction between content and ontology technology evaluaion, a number of
genega condusonsmay bedrawn:

* content evauation needs specific methodswhen applied to ontology components
other than taxonomnies,

* expeimental results in ontology technology evauation show that tools based on
smilar knowledge modds are more interopegable because they preserve more
knowledgethroughoutthe knowledgeexchangeprocess,

» the mog well-known ontlogy development tools (Ol Led, OntoEdit, ProtegZ etc.)
suppott content evaluaion mainly in the form of circularities detection. This
thoughis not enoughfor more-than-trivial content evaluation;

* languaye-dependent evaluaion tools should be developel, in order to be used by
different ontology platforms, and make these able to detect errors in an ontlogy
written in thetraditiond or Semantic Web languaes before it isimported.

On content evaluaion, [Daelemans et al 2004] points out how recently developed NPL
techniques can bePand currently are Bused for evaluating ontologiesOsemantics (vs ther
gyntax). NLP not only hdps content collection from huge amouns of text and
maintenance, but it also provides the means for showing tha ontologies indesd represent
Gronsnsua conceptudizationsand not jus onepeason®@ideasO

In paticular, information extraction, named entity recognition and shdlow pasing,
combined with NLP® standad patern-matching and machine-learning techiniques, allow
for semi-automatic extraction of ontological knowledge (concepts and relationg from
texts. For indance, in the context of the Ontobasis project on the domain of the Medline
abdract language knowledge is extracted by using a (completely automatic) shdlow
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paser and by then applying clugering techniques for grouping semantic similarities and
dependendies into classes. The pivot idea behind these techniques is tha al Qerms with
similar syntactic relationsto other terms are semantically relatedQ which allows to semi-
automatically make explicit meanings that are implicit in the syntactic relationsof a term.
Classes tha are generated by this method are then used as a basis for the extraction of new
relations through patern-matching rules. However, both in the clugering step and the
patern-matching one human intervention is still essential to evaluae the proposd
ontlogical structures. Orhe difference with purely handaafted ontology development is
that.. [such evaluaion)].. is much easier, more complete and faster than inventing
ontlogica structuresQ

3.3 Evaluation by usability measuring

In [Noy 2004 it is argual tha, although mog structural and fundiond evauaion
methods are necessary, noneare hdpful to ontology consumers, who need to discover
which ontologies exist and, more important, which ones would be suitable for ther tasks
a hand. Knowing whethe an ontology is correct according to some specific formal
criteria might hdp in the ultimate decision to use an ontology but will shed little light on
whether or not it is goodfor a particular purpose or task. Wha is needed is not only a
system for evaluaing ontologies objectively from some generic viewpoint, but also
practical ways (fundion) for ontology consumers to discover and evauae ontologies.
Information such as the number of concepts or even an ontology® complete formal
correctness is probably notthe mog important criteria in this task (althoughit is often the
easiest to obtain).

Based on this consderationsalterndive techniques are proposd, as follows:

* Ontology sunmarization: To decide whether to buy a book, we read the blurb on
the book jacket; to decide whether a pape is relevant to our work, we read its
abdract. To decide whether a paticular ontology fits our application®
requirements, we need some abgract or summary of wha this ontology covers.
Such a summary might indude a couple of top levels in the ontology® class
hierarchyN perhaps a graphical representation of these top-level concepts and
links between them. We can generate these top-level sngpshots automatically or
let ontology authors indudethem as metadata for an ontology. The summary can
aso indudean ontology® hub conaeptsN those with the largest number of links
in and out of them. Wha® more interesting, we can experiment with metrics
similar to Google@ PageRank: the concept is more important if other important
concepts link to it. This computation can take into account specific linksO
semantics (giving a subdass-superclass link a lower value than a propety link,
for ingance) or exclude some links or propeties. By expeimenting with these
measures, we can discover which ones yield the concepts tha users deem
important. The hub concepts are often much better starting points in exploring
and undestanding an ontology than thetop level of its class hierarchy.

 Epinionsfor onilogies: in addition to reading a book® blurb to determine if we
want to buy it, we often read reviews of the book by both book critics and other
readers. Similarly, when choosng a movie or a consumer produd, such as a
coffee maker or a par of skis, we use the Web to find othersOopinions A
network for ontologies would hdp guide our ontology-consumer friendin finding
whethe a paticular ontology would be suitable for his or her project. The
reviews should indude not only an ontology® quditative assessment (Is it well
developad? Does it have major holes? Is it correct?) but also, and perhaps more
important, experience reports.
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* Views and cugomization: To evauate an ontology propely, users might need to
see aview of an ontology tha takes into accountther expertise, perspectives, the
required level of granularity, or a subset of the domein the ontology they®e
interested in coves. If we can let ontology developas annotte concepts and
relations with information about which perspectives these terms and relations
should appear in and how to present or name them, we@ be able to present these
different perspectives automatically. Similarly, an ontology develope might want
to indicate that certain concepts or relations should be displayed only to users
who identify themselves as experts (presenting a smpler, trimmed down view for
novices). For an ontology consumer, it® often much easier to evaluae a smaller
onlogy with only the conaepts related to his or her conaepts of interest than to
evaluae alargegenea reference resource.
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4. Conclusions and future work

In this report, we have attempted a comprehensve framework for evaluaing and
validaing ontologies. We have choen semiotics as a pespective appropriate to
distinguish the different aspects of ontology engineeringin practice.

Structural, fundiond, and profiling propeaties of ontologies have been separately
addressed, and a design pdtern for quality-oriented ontology descriptions (qood$ has
been proposd, which allows to modd condrucion prindples, to define quality
parameters on ontlogy propeties, to state paameter dependendes, and to compose
prindples by meansof preference orderingsor relaxation on parameters, in the context of
specific ontology projects.

Some aress of thereport need refinement and aricher set of examples, and the state of art
will beenlarged to cover alarger pat of therapidly growing literature.

Future work will focus on the empirical assessment of the framework, e.g. by measuring
existing ontologies, by building an ontology on a same task/topic but by usng different
goods and by creating correlationsbetween user-oriented and structural measures.
Another area of research is the creation of tools to assist in the detection of metrics, user
annottions and gooddeployment within an onlogy project. The OntoMetric system
[Lozano-Tello et a 2004] is a first component to be reused in order to start such an
implementation.
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