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Abstract

A clustering method is presented which can be applied to
knowledge bases storing semantically annotated resources.
The method can be used to discover groupings of struc-
tured objects expressed in the standard concept languages
employed in the Semantic Web. The method exploits effec-
tive language-independent semi-distance measures over the
space of resources. These are based on their semantics w.r.t.
a number of dimensions corresponding to a committee of
features represented by a group of discriminating concept
descriptions. We show how to obtain a maximally discrimi-
nating group of features through a feature construction pro-
cedure based on genetic programming. The evolutionary
clustering algorithm employed is based on the notion of
medoids applied to relational representations. It is able
to induce an optimal set of clusters by means of a proper
fitness function based on the defined distance and the dis-
cernibility criterion. An experimentation with some real on-
tologies proves the feasibility of our method.

1. Introduction and Motivation

In the applications related to the Semantic Web (hence-
forth SW) there is an extreme need of automatizing those
activities which are more burdensome for the knowledge
engineer, such as ontology construction, evolution, and re-
trieval. The automation is likely to be assisted by ex-
tensions of supervised or unsupervised learning methods
that are capable to the specific representations of the field
[7, 4, 6, 9, 13].

In this work, we investigate on unsupervised learning
for knowledge bases storing annotated resources whose se-
mantics is expressed in standard concept languages (RDF
through OWL). In particular, we focus on the problem of
clustering semantically annotated resources. Indeed the
benefits of conceptual clustering [18] can be manifold.
Clustering enables the definition of new emerging concepts
(concept formation) on the grounds of those employed in a

knowledge base; supervised methods can exploit these clus-
ters to induce new concept definitions or to refining existing
ones (ontology evolution); intensionally defined groupings
may speed-up the task of search and discovery; clustering
may also induce criteria for ranking the retrieved resources.

Many existing clustering methods are essentially based
on the application of similarity (or density) measures de-
fined over a fixed set of attributes of the resources. Good
clusters are considered those that exhibit low intercluster
similarity (density) and high intracluster similarity (den-
sity). Yet, often these methods do not take into account any
form of background knowledge in a form that is capable of
conveying semantics by characterizing resource groups by
means of global concepts and relations. This hinders the
interpretation of the outcomes which is crucial in the SW
perspective which foresees sharing and reusing knowledge
enforcing semantic interoperability.

Conceptual clustering methods for expressive represen-
tations (usually) define intensionally groups of objects with
simple conjunctive descriptions based on selected attributes
[18]. In a SW setting, the expressivity of the cluster descrip-
tions (concepts) is particularly important. So far the ap-
proaches employing semantically rich representations such
as Description Logics (DLs) [1], have pursued language-
specific solutions to the problem that are essentially based
on logic inference [12, 7] which makes them error-prone
in case of noisy knowledge. This motivates the investiga-
tion on similarity-based methods which can be more noise-
tolerant, and as language-independent as possible.

We propose an extension of effective clustering tech-
niques, tailored for the SW context, that is intended for
grouping similar resources w.r.t. a semantic dissimilarity
measure. Upgrading existing algorithms to work on richer
representations, like the concept languages used in the SW,
required specific measures that could grasp the underlying
semantics. However, as pointed out in a seminal paper on
similarity measures for DLs [3], most of the existing mea-
sures focus on the similarity of atomic concepts within hi-
erarchies or simple ontologies. Moreover, they have been
conceived for assessing concept similarity, whereas, for in-
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ductive tasks, a notion of similarity between individuals is
likely to be required. Another theoretical problem which
makes it difficult to extend existing approaches is the Open
World Assumption (OWA) that has to be considered when
reasoning in the intended semantics of these languages.

Recently, dissimilarity measures for specific DLs have
been proposed [4]. Although they turned out to be quite ef-
fective in some inductive tasks, they were still partly based
on structural criteria which makes them fail to fully grasp
the underlying semantics and hardly extensible to more
complex languages. Therefore, a family of totally semantic
dissimilarity measures has been devised, which can over-
come these limitations [5]. Following the criterion of se-
mantic discernibility of individuals, we defined a measure
that is suitable for a wide range of languages since it is
merely based on the discernibility of the input individuals
with respect to a fixed committee of features represented by
concept definitions. As such the measure is not absolute, yet
it depend on the knowledge base they are applied to. Thus,
also the choice of the optimal feature sets deserves a prelim-
inary feature construction phase, which may be performed
by means of a randomized search procedure based on ge-
netic programming, whose operators are borrowed from re-
cent works on ontology refinement [13, 9].

Distance-based clustering methods, descending from K-
MEANS [10] are based on the notion of centroids as proto-
types around which the other similar objects gather. This
is typical of numeric or ordinal features representations.
In our case, we deal with categorical features thus we re-
cur to the notion of medoids [11] as central individuals in
a cluster. In our evolutionary algorithm searches a space
of genomes made up of strings of medoids with different
lengths, optimizing a fitness function based on cluster sep-
arability. Medoids are computed according to the seman-
tic measure induced with the method mentioned above. On
each generation, the strings in the current population are
evolved by mutation and cross-over operators, which are
also able to change the number of medoids. Thus, this al-
gorithm is also able to suggest autonomously a promising
number of clusters.

The paper is organized as follows. Sect. 2 recalls the
family of measures and proposes a method for optimizing
it. The clustering algorithm is presented and discussed in
Sect. 3. After Sect. 4 concerning the related work, we report
in Sect. 5 an experimental session aimed at assessing the
validity of the method on ontologies available in the Web.
Conclusions and extensions are finally examined in Sect. 6.

2. Semantic Distance Measures

Since our method is not intended for a particular repre-
sentation, in the following we assume that resources, con-
cepts and their relationships may be defined in terms of a

generic ontology language that may be mapped to some DL
language with the standard model-theoretic semantics (see
the handbook [1] for a thorough reference).

In this context, a knowledge base K = 〈T ,A〉 contains
a TBox T and an ABox A. T is a set of concept definitions.
A contains assertions concerning the world state. The set of
the individuals (resources) occurring in A will be denoted
with Ind(A). Each individual can be assumed to be identi-
fied by its own URI. Sometimes, it could be useful to make
the unique names assumption on such individuals.

As regards the inference services, like all other instance-
based methods, our procedure may require performing in-
stance-checking, which amounts to determining whether
an individual, say a, belongs to a concept extension, i.e.
whether K |= C(a) holds for a certain concept C.

2.1. A Semantic Metric for Individuals

For the clustering procedure, we have developed a new
measure with a definition that totally depends on semantic
aspects of the individuals in the knowledge base. For our
purposes, we need a function to measure the (dis)similarity
of individuals. However individuals do not have a syntactic
structure that can be compared. On a semantic level, sim-
ilar individuals should behave similarly with respect to the
same concepts. Then, a way for assessing the similarity of
individuals in a knowledge base can be based on the idea of
comparing their semantics along a number of dimensions
represented by a committee of concept descriptions. Fol-
lowing the ideas borrowed from metric learning in clausal
spaces [17], we propose the definition of totally semantic
distance measures for individuals in the context of a DL
knowledge base.

The rationale of the measure is to compare them on the
grounds of their behavior w.r.t. a given set of concept de-
scriptions, say F = {F1, F2, . . . , Fm}, which stands as a
group of discriminating features expressed in the language
taken into account. A whole family of distance functions
for individuals inspired to Minkowski’s distances can be de-
fined as follows [5]:

Definition 2.1 (dissimilarity measures) Let K = 〈T ,A〉
be a knowledge base. Given a set of concept de-
scriptions F = {F1, F2, . . . , Fm}, a family of dis-
similarity measures {dF

p}p∈N, contains functions
dF

p : Ind(A)× Ind(A) 7→ [0, 1] defined ∀a, b ∈ Ind(A):

dF
p(a, b) :=

1
m

(
m∑

i=1

| πi(a)− πi(b) |p
)1/p

where p > 0 and ∀i ∈ {1, . . . ,m} the projection function
πi is defined: ∀a ∈ Ind(A)



πi(a) :=

 1 K |= Fi(x)
0 K |= ¬Fi(x)

1/2 otherwise

The case of πi(a) = 1/2 corresponds to the case when
a reasoner cannot give the truth value for a certain member-
ship query. This is due to the OWA normally made in this
context.

It is easy to prove that these dissimilarity functions have
the standard properties for semi-distances [5]:

Proposition 2.1 (semi-distance) For a fixed feature set F
and p > 0, given any three instances a, b, c ∈ Ind(A). it
holds that:

1. dF
p(a, b) > 0

2. dF
p(a, b) = dF

p(b, a)

3. dF
p(a, c) ≤ dF

p(a, b) + dF
p(b, c)

It cannot be proved that dF
p(a, b) = 0 iff a = b. This

is the case of indiscernible individuals with respect to the
given set of hypotheses F.

Compared to other proposed distance (or dissimilarity)
measures [3, 4], the presented functions do not depend on
the constructors of a specific language, rather they require
only (retrieval or) instance-checking for computing the pro-
jections through class-membership queries to the KB. Note
also that the projections that determine the measure can be
computed (or derived from maintained KB statistics) before
the actual distance application, thus determining a speed-up
in the computation of the measure. This is very important
for algorithms that massively use this distance, such as all
instance-based methods.

2.2. Measure Optimization

So far we made the assumption that F may represent a
sufficient number of (possibly redundant) features that are
able to discriminate really different individuals.

From preliminary experiments where the measure was
employed at solving classification/retrieval problems (as in
[6]), we could obtain good results by using the very set of
both primitive and defined concepts found in the ontology.
However, while redundancy may be beneficial (as discussed
also in [17]) using too many features increases the compu-
tational effort required for the measure. The choice of the
concepts to be included – feature selection – may be cru-
cial. Therefore, we have devised a specific optimization al-
gorithm founded in genetic programming which is able to
find optimal choices of discriminating concept committees.

Various heuristics for optimizing the parameters for the
measures can be foreseen. Among the possible sets of fea-
tures, one would prefer those that are able to discriminate
the individuals in the ABox.

Namely, since the function is very dependent on the con-
cepts included in the committee of features F, two immedi-
ate heuristics can be derived:

• limit the number of concepts in the committee, includ-
ing especially those that are able to actually discrimi-
nate individuals;

• search for optimal sets of discriminating features, by
allowing the construction of new ones through the spe-
cific constructors of the language of choice.

These objectives can be accomplished by means of random-
ized optimization techniques especially when knowledge
bases with large sets of individuals are available. Namely,
part of the entire data (a hold out set) can be drawn in or-
der to learn optimal F sets, in advance with respect to the
successive usage for other specific purposes.

The randomized search in the space of potential op-
timal sets of features is performed by recurring to ge-
netic programming. Essentially the algorithm (depicted in
Fig. 1) searches the space of all possible feature commit-
tees starting from an initial guess (determined by MAKEINI-
TIALFS(K)) based on the concepts (both primitive and de-
fined) currently referenced in the knowledge base K.

The outer loop gradually augments the cardinality of the
candidate committees. It is repeated until employing larger
feature committees would not yield a better fitness value
with respect to the best fitness recorded in the previous iter-
ation (with fewer features). If this sort of fix-point is not
reached then the current committee is augmented with a
new random concept by the ENLARGEFS().

The inner loop is iterated for a number of generations
until a stop criterion is met, based on the maximal value
of generations maxGenerations or, alternatively, when a fit-
ness value fitnessThreshold is reached by some feature set
in the population, which can be returned.

The MAXFITNESS() routine computes the maximal fit-
ness of the feature sets based on their discernibility factor.
For instance, given the whole set of individuals (or just a
hold out sample to be used to induce an optimal measure)
HS ⊆ Ind(A) the fitness function may be:

DISCERNIBILITY(F) =
∑

(a,b)∈HS2

|F|∑
i=1

| πi(a)− πi(b) |

GENERATEOFFSPRINGS() constructs candidate sets of
concepts to replace the current one; it was implemented by
recurring to simple transformations of a feature set:

• choose Fsel ∈ currentFSs;
• randomly select Fi ∈ Fsel;
− replace Fi with F ′i ∈ RANDOMMUTATION(Fi)
or
− replace Fi with one of its refinements F ′i ∈ REF(Fi)



FeatureSet OPTIMIZEFS(K, maxGenerations, fitnessThreshold)
input K: current knowledge base

maxGenerations: maximal number of generations
fitnessThreshold: fitness threshold

output FeatureSet: FeatureSet

begin
currentBestFitness := 0;
formerBestFitness := 0;
currentFSs := MAKEINITIALFS(K);
formerFSs := currentFSs;
repeat

generationNumber := 0;
currentBestFitness := MAXFITNESS(currentFSs);
while (currentBestFitness < fitnessThreshold) or

(generationNumber < maxGenerations)
begin
offsprings := GENERATEOFFSPRINGS(currentFSs);
currentFSs := SELECTFROMPOPULATION(offsprings);
currentBestFitness := MAXFITNESS(currentFSs);
++generationNumber;
end

if (currentBestFitness > formerBestFitness) and
(currentBestFitness < fitnessThreshold) then
begin
fitnessImproved := true;
formerFSs := currentFSs;
formerBestFitness := currentBestFitness;
currentFSs := ENLARGEFS(currentFSs);
end

else
fitnessImproved := false;

end
until not fitnessImproved;
return BEST(formerFSs);
end

Figure 1. Feature set optimization algorithm.

The RANDOMMUTATION() routine constructs new ran-
dom concepts to replace other, when restarting the search in
a different part of the search space. Refinement of concept
descriptions is language specific. E.g. for the case of ALC
logic, refinement operators have been proposed in [13, 9].
Complete operators are to be preferred to ensure that any
concept may in principle be selected for the committee.

After a number of new feature sets is generated, these
offsprings are evaluated and the best are included in the
new version of the currentFSs vector; the maximal fitness
value for these feature sets is also computed. On exiting
the while-loop, the current best fitness is compared with the
best one computed for the former feature set; if an improve-
ment is detected then the outer repeat-loop is continued,
otherwise (one of) the former best feature set(s) is selected
for being returned as the result of the algorithm.

3. Evolutionary Clustering Around Medoids

The conceptual clustering procedure consists of two
phases: one that detects the clusters in the data and the other
that constructs an intensional definition for the groups of in-
dividuals detected in the former phase.

The first clustering phase implements a genetic program-
ming learning scheme. The designed representation for the
competing genes is made up of strings (lists) of individuals
of different lengths, where each individual stands as pro-
totypical for one cluster. Thus, each cluster will be rep-
resented by its prototype recurring to the notion of medoid
[11, 10] w.r.t. the distance measure. The algorithm performs
a search in the space of possible clusterings of the individ-
uals optimizing a fitness measure maximizing discernibility
of the individuals of the different clusters (inter-cluster sep-
aration) and the intra-cluster similarity measured in terms
of our metric.

The second phase is more language dependent. The var-
ious cluster can be considered as sets of training examples
for a supervised algorithm aimed at finding an intensional
DL definition for one cluster against the counterexamples,
represented by individuals in different clusters [12, 7].

3.1. The Clustering Algorithm

The proposed clustering algorithm can be considered as
an extension of methods based on genetic programming,
where the notion of cluster prototypical instance of centroid,
typical of the numeric feature-vector data representations,
is replaced by that of medoid [11]: each cluster is repre-
sented by one of the individuals in the cluster, the medoid,
i.e., in our case, the one with the lowest average distance
w.r.t. all the others individuals in the cluster. Namely, the
medoid of a group of individuals is the individual that has
the shortest distance w.r.t. the others. Formally. given a
cluster C = {a1, a2, . . . , an}, the medoid is defined:

m = medoid(C) = argmin
a∈C

n∑
j=1

d(a, aj)

Considering medoids has two advantages: it allows for cat-
egorical attributes, and their choice is dictated by the loca-
tion of a predominant fraction of individuals inside a cluster
making it is less sensitive to the presence of outliers.

In the algorithm, a genome will be represented by a list
of medoids G = {m1, . . . ,mk}. On each generation, those
maximizing a fitness function are selected for passing to the
next generation. Note that the algorithm does not prescribe
a fixed length of these lists (as, for instance in K-MEANS
and its extensions [10]), hence it should be able to detect an
optimal number of clusters for the data.



medoidVector ECM(individuals, maxGenerations, minGap)
input:

individuals: set of individuals;
maxGenerations: max number of iterations;
minGap: minimal gap for stopping the evolution;

output:
medoidVector: list of medoids

begin
generation = 0;
gap = MAX REAL; // between the best and worst genome
currentPopulation := INITIALIZE(popLength);
while (generation ≤ maxGenerations) and (gap > minGap)

begin
offsprings := GENERATEOFFSPRINGS(currentPopulation);
fitnessVector := COMPUTEFITNESS(offsprings);
currentPopulation := SELECT(offsprings,fitnessVector);
gap := (fitnessVector[popLength]−fitnessVector[1]);
++generation;
end

return currentPopulation[1]; // best genome
end

Figure 2. The Clustering Algorithm.

Fig. 2 reports a sketch of the clustering algorithm. Af-
ter the call to the initialization procedure INITIALIZE() re-
turning a randomly generated initial population of medoid
strings (currentPopulation) in a number of popLength, it
essentially consists of the typical generation loop of ge-
netic programming. On each iteration it computes new off-
springs of current best clusterings stored in currentPopu-
lation. This is performed by suitable genetic operators ex-
plained in the following. The fitnessVector recording the
quality of the various offsprings (i.e. clusterings) is then up-
dated, which is used to select the best offsprings that sur-
vive, passing to the next generation.

The loop condition is controlled by two factors the max-
imal number of generation (the maxGenerations parame-
ter) and the difference (gap) between the fitness of best
and of the worst selected genomes in currentPopulation
(which is supposed to be sorted in ascending order, 1 thru
popLength). Thus another stopping criterion is met when
this gap becomes less than the minimal gap minGap passed
as a parameter to the algorithm, meaning that the algorithm
has reached a (local) minimum.

In the GENERATEOFFSPRINGS procedure three mutation
operators and one crossover operators are implemented:

MUTATE2NEIGHBOR(G) randomly select m ∈ G and re-
place it with m′ 6∈ G such that: ∀m′′ 6∈ G :
d(m,m′) ≤ d(m,m′′)

MUTATEBYSHRINKING(G) drop a randomly selected
medoid G := G \ {m},m ∈ G

MUTATEBYLENGTHENING(G) selectm 6∈ G that is added
to G: G := G ∪ {m}

CROSSOVER(GA,GB) select subsets SA ⊂ GA and SB ⊂
GB and exchange them between the genomes:
GA := (GA \ SA) ∪ SB and GB := (GB \ SB) ∪ SA

The number of the offsprings may be set as another param-
eter of the ECM algorithm.

The fitness of a genome G = {m1, . . . ,mk} is com-
puted by distributing all individuals among the clusters ide-
ally formed around the medoids in that genome: each in-
dividual is assigned to the cluster with the closest medoid.
Per each medoid mi, i = 1, . . . , k, let Ci be such a cluster.
Then, the fitness is computed:

FITNESS(G) = λ

k∑
i=1

∑
x∈Ci

d(x,mi)
|Ci|

The factor λ = 1/
√
k + 1 is introduced in order to penalize

those clusterings made up of too many small clusters that
could enforce the maximization in this way. This simple
function could replaced with more sophisticated clustering
quality indices proposed in the literature [2, 10].

3.2. The Supervised Learning Phase

Each cluster may be labeled with an intensional concept
definition which characterizes the individuals in the given
cluster while discriminating those in other clusters [12, 7].
Labeling clusters requires solving a number of supervised
learning problems in the specific DL representation targeted
in our setting.

A straightforward solution may be found, for DLs (such
as ALC) that allow for the computation of (an approxima-
tion of) the most specific concept (msc) of an individual
w.r.t. A (i.e. the most specific concept the individual is an
instace of) and least common subsumer (lcs, minimal gener-
alization of the concepts in the input set) [1]. This involves
the following steps:
Given a cluster of individuals Cj

• for each individual ai ∈ Cj do

– compute Mi := msc(ai) w.r.t. A;

• let MSCsj := {Mi | ai ∈ Cj};

• return lcs(MSCsj)

Alternatively, algorithms for learning concept descrip-
tions expressed in DLs may be employed [13, 9]. Indeed,
concept formation can be cast as a supervised learning prob-
lem: once disjoint clusters have been formed, the mem-
bers of a cluster are considered as positive examples and
the members of the other as negative ones (and vice versa).
Then any concept learning method which can deal with this
representation may be utilized for this new task.



4. Related Work

4.1. Relational Similarity Measures

As mentioned in the first section, various attempts to
define semantic (dis)similarity measures for concept lan-
guages have been made, yet they have still a limited appli-
cability to simple languages [3] and they often depend also
on the structure of the descriptions [4].

Our measure is mainly based on Minkowski’s measure
and on a method for distance induction developed by Se-
bag [17] in the context of machine learning (for clausal log-
ics). It is shown that the induced measure could be accurate
when employed for classification tasks even though set of
features (hypotheses) to be used were not the optimal ones
(or they were redundant). Besides the language representa-
tion (and its semantics) the original method also differs for
the clauses induced for defining the distance measure regard
a single concept, that is the target concept to be learned.
In our distance induction method we generalize this to any
kind of feature, trying to optimize a discernibility criterion.

Indeed, a source of inspiration was rough sets theory [16]
which aims at the definition of vague concepts by means of
approximations determined by an indiscernibility relation-
ship. Hopefully, these methods developed in this context
will help solving the open points of our framework (see the
next section) and suggest new ways to treat uncertainty.

Another related metric was defined [15] for the Herbrand
interpretations of logic clauses as induced from a metric on
ground atoms. Specifically, it may be employed to assess
the dissimilarity of individuals by deriving a related most
specific concept description accounting for them.

4.2. Clustering Procedures

To the best of our knowledge, no other method can be
found in the literature which is able to work on complex
representations, such as DL.

Our algorithm can be considered as a descendant of
the K-MEANS and K-MEDOIDS clustering procedures [10]
adapted to the relational representations. Specifically, in K-
MEDOIDS a cluster is represented by its medoid (rather than
a centroid that works conveniently only with numerical at-
tributes), which is a mean of the points within a cluster. This
is more robust w.r.t. to the presence of single outliers.

PAM (Partitioning Around Medoids) [11] is an early
version of K-MEDOID. PAM is an iterative optimization
method that combines relocation of points between po-
tential clusters with re-nominating the points as potential
medoids. The process is guided by an objective function,
which may be computationally expensive. A PAM algo-
rithm identifies clusters by the medoids. Medoids are ro-
bust representations of the cluster centers that are less sen-

sitive to outliers than other cluster profiles, such as the clus-
ter means of K-MEANS. This robustness is particularly im-
portant in the common context that many elements do not
belong exactly to any cluster, which may be the case of the
membership in DL knowledge bases, due to the OWA. In
addition, a PAM algorithm can comply with any specified
metric, allowing a flexible definition of similarity. Many
clustering algorithms allow only Euclidean distance in cur-
rent implementations.

Two noteworthy descendants of PAM are CLARA [11]
and CLARANS [14]. CLARA uses several samples to be
subjected to PAM. The whole dataset is assigned to result-
ing medoids, the objective function is computed, and the
best system of medoids is retained. In CLARANS a graph is
considered whose nodes are sets of k medoids and an edge
connects two nodes if they differ by exactly one medoid.
While CLARA compares very few neighbors correspond-
ing to a fixed small sample, CLARANS uses random search
to generate neighbors by starting with an arbitrary node and
randomly checking a number of neighbors. If a neighbor
represents a better partition, the process continues with this
new node. Otherwise a local minimum is found, and the
algorithm restarts until a certain number of local minima is
found. The best node (i.e. a set of medoids) is returned for
the formation of a resulting partition.

Our evolutionary algorithm extends these procedures
also for it autonomously detect a good estimate of the num-
ber of clusters k, which must fixed beforehand in the stan-
dard clustering methods. This may be difficult when scarce
knowledge about the domain is available. As an alterna-
tive, hierarchical partitional methods may be used, itera-
tively dividing bad clusters until a threshold value for clus-
ter quality (many measures have been proposed in the liter-
ature [2, 10]) is passed making further partitions useless.

Further comparable clustering methods are those based
on an indiscernibility relationship [8]. While in our method
this idea is embedded in the semi-distance measure (and the
choice of the committee of concepts), these algorithms are
based on an iterative refinement of an equivalence relation-
ship which induces clusters as equivalence classes.

5. Experimental Validation

For assessing the validity of the method, a number of
populated OWL ontologies have been selected, namely:
FSM, SURFACE-WATER-MODEL, TRANSPORTATION and
NEWTESTAMENTNAMES from the Protégé library1, and
the FINANCIAL ontology2 a testbed for the PELLET rea-
soner (the ABox was limited to assertions for a sample of
1000 individuals belonging to the various classes).

1http://protege.stanford.edu/plugins/owl/owl-library
2http://www.cs.put.poznan.pl/alawrynowicz/financial.owl



Knowledge Base DL #concepts #object prop. #data prop. #individuals
FSM SOF(D) 20 10 7 37

S.-W.-M. ALCOF(D) 19 9 1 115
TRANSPORTATION ALC 44 7 0 250

NTN SHIF(D) 47 27 8 676
FINANCIAL ALCIF 60 16 0 1000

Table 1. Ontologies employed in the experiments.

Table 1 summarizes important details concerning the on-
tologies employed in the experimentation. The complexity
of the clustering problems also depends on the number of
assertions per individual available in the knowledge base,
which varies from an individual to another. The PELLET
reasoner (ver. 1.4) was employed to compute the projec-
tions. An overall experimentation of 10 repetitions on a
dataset took from a few minutes to 41 mins on a 2.5GhZ
(512Mb RAM) Linux machine.

Two measures are employed for evaluating the results of
the method: the squared sum error (SSE) and the silhou-
ette index [11]. For each ontology, the experiments have
been repeated for 10 times. The average values for each in-
dex on the repetitions is considered. Moreover, the standard
deviation and the range of minimum and maximum values
observed during the experiments are also reported. The out-
comes of the experiments are reported in Tab. 2.

The SSE index is a a measure of cohesion; its values are
not very informative in themselves. However, one may con-
sider its normalization over the (squared) average number of
individuals in a cluster. This emerges also by considering
the ratio of overall number of individuals (in Tab. 2) for the
knowledge base over the number of clusters (4th column).
If we divide the SSE by the square of this ratio we got a
normalized measure of the average cluster compactness.

Conversely, the average silhouette index has a precise
range of values ([0,1]): it combines cohesion and separa-
tion for individual points, as well as clusters and cluster-
ings. It can be observed in the table that the performance
of our algorithm is generally very good (from .927 to 1.0)
with a degradation of the performance with the increase of
individuals to take into account.

Besides, note that the hardest knowledge base
(FINANCIAL) is also the one with the maximal num-
ber of concepts which provided the features for the metric.
Thus in the resulting search space there is more freedom in
the choice of the ways to make one individual discernible
from any other. Surprisingly, the number of clusters is
limited w.r.t. the number of concepts in the KB, suggesting
that many individuals gather around a restricted subset of
the concepts, while the others are only complementary
(they can be used to discern the various individuals).

As regards the stability of the clustering procedure, we

may observe the main indexes (and the number of clusters)
vary very little along the repetitions (see the standard devia-
tion values), which suggests that the algorithm tends to con-
verge towards clusterings of comparable quality with gener-
ally the same number of clusters. As such the optimization
procedure does not seem to suffer from being caught in lo-
cal minima.

However the case needs a further investigation. Indeed,
the optimization performed by the clustering procedure is
two-fold: it does not optimize the choice of the clustering
medoids but also their number, which is normally consid-
ered as a fixed parameter for other algorithms (see Sect. 4).
Other experiments (not reported here) showed that some-
times the initial genome lengths may have an impact to
the resulting clustering, thus suggesting the employment of
different randomized search procedures (e.g. simulated an-
nealing, tabu search) which may guarantee a better explo-
ration of the search space.

6. Conclusions and Future Work

We presented a clustering method for relational repre-
sentations which are typical in the SW field. It can be used
to discover interesting groupings of semantically annotated
resources in a wide range of concept languages. Besides,
we propose a way for inducing new concepts that can ac-
count for the individuals in a cluster from an intensional
viewpoint. The method exploits a novel dissimilarity mea-
sure that is based on a committee of features, i.e. a group of
discriminating concept descriptions. The algorithm, is an
evolutionary extension of clustering around medoids proce-
dures adapted for dealing with complex representations.

Better fitness functions may be investigated for both the
distance optimization procedure and the clustering one. For
instance the very indexes that we employed for assessing the
clustering validity can be exploited in the algorithm for bet-
ter measures of compactness and separation. The distance
optimization procedure may suffer from the well-known
problem of local minima. To this purpose we are currently
investigating the application of a randomized search pro-
cedure based on simulated annealing or tabu search. An-
other promising research line, for extensions to matchmak-
ing, retrieval and classification, is retrieval by analogy [6]:



Knowledge Base SSE index Silhouette index #clusters

FSM 30.254 (±11.394) .998 (±.005) 12 (±.00)
[14.344,41.724] [.985,1.000] [12,12]

S.-W.-M. 11.971 (±11.394) 1.000 (±.000) 12.9 (±.32)
[7.335,13.554] [1.000,1.000] [12,13]

TRANSPORTATION
46.812 (±5.944) .976 (±.000) 21 (±.00)
[39.584,57.225] [.976,.976] [21,21]

NEWTESTAMENTNAMES
96.155 (±24.992) .986 (±.007) 29.3 (±2.4)
[64.756,143.895] [.974,.996] [26,33]

FINANCIAL
130.863 (±24.117) .927 (±.034) 8.4 (±.84)
[99.305,163.259] [.861,.951] [8,10]

Table 2. Results of the experiments: average value (±standard deviation) and [min,max] range.

a search query may be issued by means of prototypical re-
sources; answers may be retrieved based on local models
(intensional concept descriptions) for the prototype con-
structed (on the fly) based on the most similar resources
(w.r.t. some (dis)similarity measure). The presented algo-
rithm may be the basis for the model construction activity.
The distance measure may also serve as a ranking criterion.
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