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ABSTRACT

The Information Content (IC) of a concept quangifiee amount of information it provides when
appearing in a context. In the past, IC used todmeputed as a function of concept appearance
probabilities in corpora, but corpora-dependenay daita sparseness hampered results. Recently,
some authors tried to overcome previous approaelsésating IC from the knowledge modeled
in an ontology. In this paper, we develop this jdBaproposing a new model to compute the IC
of a concept exploiting the taxonomic knowledge efed in an ontology. In comparison with
related works, our proposal aims to better capameantic evidences found in the ontology. To
test our approach, we have applied it to well-kn@@mantic similarity measures, which were
evaluated using standard benchmarks. Results staivthie use of our model produces, in most
cases, more accurate similarity estimations thiate@ works.

Keywords. Computational linguistics, Knowledge managemeatné&ntic similarity, Information
Content, Ontologies.

INTRODUCTION

The growth of the so-called Information Society pesduced an enormous amount of textual
electronic information. Contrary to numerical datéjch can be directly managed by means of
mathematical operators, the coherent interpretatidextual data is challenging. Since textual
resources consist of words or noun phrases, wieifeh to concepts that represent their
meanings, tools and techniques are needed to emabieantidnterpretation of textual terms.
Within the area of semantics, Information Theorg pkyed an important role. Many authors
(Jiang & Conrath, 1997; Lin, 1998; Pirro, 2009; Rks1995; Sanchez & Batet, 2011; Sanchez,
Batet, Valls, & Gibert, 2010) have relied on theiow of Information Content (IC) of term
conceptualizations to quantify term semantics. &ihe IC of a concept states the amount of
information provided by the associated term, ities a numerical measure that enables
guantitative comparisons of terms, according tar tinederlying semantics. The assessment of
semantic similaritys one of the most interesting applications: mfifies the taxonomic
resemblance between compared terms Yagstlingandboxingare similar because both
represent concepts that are specializatiom®ofact sports Since semantic similarity is a



fundamental principle by which humans organize dijat has been extensively used in the past
in a variety of natural language applications saglautomatic spelling error detection and
correction (Budanitsky & Hirst, 2001), word-sensgathbiguation (Patwardhan, Banerjee, &
Pedersen, 2003), question answering (Tapeh & Raing®@08) or synonym detection (Lin,
1998). In the field of knowledge management, assessof semantic similarity has aided in
tasks such as information extraction (Sanchez &|s#11; Sanchez, Isern, & Millan, 2011),
thesauri generation (Curran, 2002; Hwang & Kim, 20@nowledge integration (Shakya,
Takeda, & Wuwongse, 2009), information retrievarfizzi, d’Amato, & Esposito, 2009;
Hliaoutakis, Varelas, Voutsakis, Petrakis, & Mili@&)06) or ontology learning (Ramezani,
2011; Sanchez, 2010). Practical applications, sisgbrivacy-preservation of textual data
(Martinez, Sanchez, & Valls, 2012; Martinez, SdacMalls, & Batet, 2012), can also be found.

From the variety of similarity paradigms availabiehe literature, IC-based measures are
some of the most accurate and commonly used owesiia, 2008; Jiang & Conrath, 1997; Li,
Bandar, & McLean, 2003; Resnik, 1995). These cateulhe degree of resemblance between
terms, as a function of the amount shared and hared information (i.e. IC) of their
conceptualizations. Hence, a proper estimatioiCajflconcepts corresponding to the compared
terms is crucial to enable accurate similarity assents.

In the past, authors used to base the IC calculuw®ncept appearance probabilities in textual
corpora (Resnik, 1995). Corpora-dependency intredacseries of problems such as data
sparseness, when limited corpora was availablecalability issues, due to the need of manual
pre-processing of text (Sanchez, et al., 2010pvercome these issues, several authors have
proposed to base the IC calculus on the knowledy#etad in an ontology (Sanchez, Batet, &
Isern, 2011; Seco, Veale, & Hayes, 2004; Zhou, W&@u, 2008). In these works, the
knowledge structure that ontologies provide hawenlexploited to estimate the degree of
generality/concreteness of concept and, henceyantiy their IC.

This paper reviews related works based on thigiastiple and proposes a new ontology-
based model to estimate the IC of concepts. Cordgarstate of the art methods, our proposal
aims to better capture the semantic features madelthe ontology for evaluated concepts,
enabling a more accurate quantification of theianmeg. Our method has been applied to three
classic IC-based similarity measures (Jiang & ConrE097; Lin, 1998; Resnik, 1995), and it
has been compared against other IC calculus mémtatiéfferent benchmarks. Similarity results
have also been compared with other ontology-baasgtms of similarity computation (i.e.
edge-counting and feature-based). Evaluation fgygh®w that, on the one hand, our model
improves similarity assessments of other IC cakuhethods based either on corpora or on
ontologies; on the other hand, our model enabhagasity assessments that are more accurate
than those achieved by other paradigms of simyl@aomputation.

The rest of the paper is organized as follows. §éend section reviews IC calculus models.
The third section presents and formalizes our pgapd he fourth section details evaluation
results, by describing the benchmarks, similarigasures and knowledge bases used to test and
compare our method. A discussion of these ressitissp provided. The final section contains
the conclusions and proposes some lines of futor&.w

INFORMATION CONTENT AND CONCEPT SEMANTICS

Resnik was the first to apply the definition ofilCa semantic context. He computed the IC of a
conceptt as the inverse of its probability of occurrencaicorpus (Resnik, 1995):



IC(c) = -log p(c) 1)

According to the definition of taxonomic subsumptithe probability of concepts should
monotonically increase as one goes up the taxon8sg consequence, the IC of concepts
increases as these become more specific in thadaxp The ruledcy, ¢ | ¢ is hypernym of £
=> |C(c1)<IC(cp) should be fulfilled.

To produce coherent IC calculus, the probabilityneastion should be coherent with the
taxonomic structure of the ontology. To achievs,tResnik counted the frequency of
appearance of ontological concepts in a corpulaoetach noun occurring in the corpus was
counted as an occurrence of all taxonomic concagisuming it.
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whereW(c) is the set of terms in the corpus whose sengesudosumed by, andN is the total
number of corpus terms that are contained in then@my.

This calculus is coherent to thesitivenesandadditivenes®f the IC definition (Ross,

1976). This states that, if the occurrence of gabée (concept) is composed by several
independent occurrences of other variables (taxanspecialization o€), the information
content of the first is the sum of the informatomntent of each individual variable.

Corpora-based IC calculus was widely used in tis¢ @@ang & Conrath, 1997; Lin, 1998;
Pedersen, Pakhomov, Patwardhan, & Chute, 2007h8anet al., 2010). However, accurate
estimation of concept probabilities from textuatpmra is challenging. First, words appearing in
corpora should be associated to their correspormingepts. This requires manual semantic
disambiguation for ambiguous words, which hampeesstalability of the method (Sanchez, et
al., 2010). Moreover, large and suitable corpoearegeded to obtain robust probability
assessments and to avoid data sparseness. Audversi$ed large and general purpose corpora
such as the Brown corpus together with WordNetljgem, 1998) as ontology. In recent years,
wider corpora like the Web have been employed tummze data sparseness (Sanchez, et al.,
2010). In domain specific contexts (biomedicinedrenconcrete domain corpora (such as
clinical trials) are needed to obtain accurateltegRedersen, et al., 2007). The availability of
suitable corpora also compromises the IC calciBasn¢hez, Batet, et al., 2011).

To overcome these limitations, in recent years,esaathors have proposed models to
estimate the IC of a concept intrinsically, accogdio its degree of specialization in an ontology
(Sanchez, Batet, et al., 2011; Seco, et al., 200dy, et al., 2008). In most basic works, concept
probabilities are approximated as the ratio betvthemumber of concept hyponyntgypo(c)
in the ontology with respect to the total amounbotological conceptsr{ax_nodes(Seco, et

al., 2004).
_1__log(hypa(g+1)

ICSeco et al(c) _1 IOg(maX_ n0d6$ (3)

This is based on the principle of cognitive salie(feirro, 2009): new taxonomic
specializations for a concept are introduced whenriecessary to differentiate them from
already existing ones. Hence, concepts with mapphyms would refer to general entities,
which provides less information than concepts ledat the leaves of the hierarchy.




With Seco et al. approach, concepts with the saimeber of hyponyms are considered
equally informative, even though they may preséifer@nt degrees of taxonomic generality. As
stated in works framed in the semantic similarigyd (Wu & Palmer, 1994), the relative depth
of concepts in the taxonomy should be consideredratevant semantic feature. In (Zhou, et al.,
2008), the depth of concepin the taxonomydepth(c) is incorporated in the IC assessment.

ICZhou et al(a) = k(l_ Iog(hypd a) * 1) J'F (1_ k)[wl

log(max_ node} log( max dep} (4)

Inversely tohypo(c) asdepth(c)increases; becomes more specialized and its IC increases as
consequence. The constamix_depttcorresponds to the maximum depth of the taxonomy,
whereax is a tuning parameter that weighs the contributibthe two evaluated features
(number of hyponyms and depth). As a drawb&dtould be tuned by the user according to the
background ontology and the input data in ordeapttimize the results.

Several modifications of the above measures werpgsed in (Sanchez, Batet, et al., 2011).
Firstly, instead of relying on the amount of hyporsyof a concept, only the number of
taxonomic leaves was evaluated. In this mannermiépendence on the inner taxonomic
structure, whose characteristics (granularity aaeht¢hing factor) may vary for different
ontologies (Sanchez, Batet, et al., 2011), is aaid he second modification is based on
considering the degree of concreteness of the ateliconcepts during the IC assessment, as
well. Instead of using the depth as a measure éreteness, the whole set of taxonomic
subsumers was evaluated, considering, if availabldtiple inheritance relationships. In this
manner, additional taxonomic evidences were cagtlree proposed measure was defined as
follows:

|leaveg ¢ |
| subsumerg 1
max_leavesl |

1Csanchez eralC) = —l0g p(c) O~ log (5)

whereleaves(c)s the set of concepts at the end of the taxontmeécunder concept and
subsumers(dp the set of taxonomic ancestorscaficluding itself. The ratio is normalized by
the least informative concept, that is, the roaedor which the number of leaves is the total
amount of leaves in the taxonommggx_leaves and the number of subsumers including itself is
1. To produce values in the range 0..1 and to degi() values, 1 is added to both expressions.

A NEW MODEL FOR ONTOLOGY-BASED IC ASSESSMENT
In this section, we present a new model to comihnadC of a concept from the knowledge
modeled in an ontology. We use similar knowledgeuees (taxonomic subsumers and leaves)
to those used in related works, but we evaluate tinea different manner. We build our
proposal on a redefinition of the notion of IC dsiaction of ontological knowledge, similarly to
what Resnik did for corpora. Our goal is to betpeantify the differences between concepts.
To achieve this, we evaluabdenner taxonomic conceptndii) taxonomic leavem different
ways. We consider that semantics of the former {@rate their IC) are a function of the



semantics provided by their subsumed leaves. Coesdlg, the crucial point is the accurate
assessment of the IC of leaves.

As stated in the previous section, an acknowledggee of Seco et al.’s approach is the fact
that all leaves have the same IC value. Authorgrasghat the IC of an ontological concept is
maximal when it is not further specialized. Theklat a proper differentiation between the IC of
leaves hampered their results (Sanchez, Batet, @041). This contrasts to Resnik’s approach,
in which concepts are evaluated according to tygaearance probabilities. Hence, leaves can be
distinguished according to their degreeeommonnesd-or example, giveaoccerandGreco-
Roman wrestlingwhich are leaves subsumed by the conspptt the former refers to a
commonly used concept that will be more likely ppear in a discourse than the latter one.
Hence, in the context of information theory, anwoence osoccerwill provide less
information than an occurrence @feco-Roman wrestlindMoreover, Resnik’s approach also
considered instances of concepts to compute t@disée eq. 2), which enables a finer-grained
differentiation between leaves.

In the ontological domain, the fact that some |sdvave more concrete meanings than others
may depend on several factors. For example, tieriom of knowledge engineer or the
knowledge modeling bottleneck that characterizesuabapproaches, may result in some
taxonomies more specialized than others. More@am widely used ontologies like WordNet
rarely incorporate detailed sets of conceptuabmsts that could be considered during the
evaluation of leaves.

To mitigate these problems, we propose a strategydluate the degree @dmmonnessf
each leaf. We assume that leaves with many subsumge more concrete meanings than others
with smaller amounts. We sustain this hypothesthénnotion of taxonomic specialization. That
is, the meaning of a leaf is a strict subset oftig@aning of its taxonomic ancestors, which is
progressively constrained as more specializatiepssfand, hence, subsumers) are introduced.
Moreover, in case of multiple inheritance, in wheckeaf is subsumed by ancestors of different
taxonomic trees, the meaning of a leaf will be enmme constrained, as a result of the
intersection of the semantic features shared bguibsumers. In both cases, the more the
subsumers (either vertically arranged in succesgpeeialization steps or horizontally organized
in case of multiple inheritance), the more conctieemeaning of the leaf will potentially be.
This principle is also exploited by feature-basgiksirity measures (Maedche & Staab, 2002;
Sanchez, Batet, Isern, & Valls, 2012). They basesthilarity assessment on the number of
common subsumers between compared terms; thaeisaére common subsumers, the more
similar the concepts are because they share a langgunt of semantic features. In (D. Sanchez,
et al., 2012), a practical evaluation showed thigtdriterion highly correlated with human
judgments of similarity.

Given the above arguments, this paper consideveseaith many subsumers, that is, those
with very concrete meanings, lass commothan those with smaller amounts, that is, thosgk wi
more general meanings. The evaluation of the campl@mount of subsumers of a leaf is
preferable to the evaluation of its relative ddé in (Zhou, et al., 2008). Since the latter
corresponds to the length of the minimum path betwtbe root node and the leaf, it may omit
an amount of taxonomic knowledge (i.e., other satess which belong to different paths in
cases of multiple inheritance), which produces &ssirate results (Montserrat Batet, Sanchez,
& Valls, 2011). With our approach, all subsumergleied in the ontology are considered, which
aids to differentiate leaves with the same deptrdifterent number of ancestors (i.e. different
degree of meaning concreteness).



Formally, we define theommonnessf leaves as a function of theubsumersas follows:

Definition 1. Let the concept subsumption (<) be a binarytimia< : CxC, whereC is the
set of concepts in the ontology, drxk means thakt is a hierarchical specialization @fWe
define the set fubsumersf a leafl as:

subsumer€)l={ § € 4 }<1} (6)

The fact of including the leaf itself in the sesasies the notion of dominance as a reflexive
relation in the subsumption context (Partee, teulelg & Wall, 1990) and avoids zero values in
the subsequent calculations.

Definition 2. Thecommonnessf a leafl is inversely proportional to its number of
subsumers:

Commonnegs) E 1 (7)
| subsumerg)l|

Figure 1. Ontology example.
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Example 1.Given the sample ontology of Figure 1, the commerrtd leaves oivater sport
(exceptkite surfinganddinghy sailing is 0.33, because the cardinality of their setsulfisumers
is three; for example, given thetbsumers(swimmingfsport, water sport, swimmipgwe
obtaincommonness(swimmirg)/3=0.33. Likewise, the commonness of leavesiotl sport
(exceptkite surfinganddinghy sailing is 0.25, because the cardinality of their setsutifisumers
is four; for example, given thatibsumers(paragliding] sport, wind sport, kite sport,



paragliding}, we obtaincommonness(paragliding)/4=0.25. Finally, the commonnesskak
surfinganddinghy sailingis 0.2, because that the cardinality of their sater sets (considering
multiple inheritance) is five; for example, givdratsubsumers(kite surfingjsport, water sport,
wind sport, kite sport, kite surfihgwe obtaincommonness (kite surfing)/5=0.2. One can see
how the larger the number of subsumers is (eitbetoally or horizontally arranged), the lower
the commonness values will be, which enables anratedifferentiation of leaves.

Once the commonness of leaves can be computeatreduced above, we evaluate inner
taxonomic concepts as a function of their leaves.ftMlow a parallel reasoning to Resnik’s
approach: where he computed the probability ofrecept as the aggregation of appearances of
all its specializations in corpora (eq. 2), we mepto compute the commonness of an inner
taxonomic concept by adding the commonness ofsafijecializations. This is coherent both to
theadditivenesproperty of IC and to the notion of taxonomic gatieation, in which the
meaning of a taxonomic ancestor subsumes all mgawihits specializations. Hence, the
commonness of an inner concept will be the surh@tbmmonness of its leaves, as follows.

Definition 3. Thecommonnessf an inner taxonomic concepfi.e.,sis not a leaf) is
computed as the sum of the commonness values thiedkaves subsumed &y

Commonness)s Z commonngks (8)

Ol is aleaf Ol<s

We hypothesize that the evaluation of the commaoéan inner concept as a function of its
leaves will result in more accurate estimationstitg evaluation as a function of its subsumers.
This is because, as one moves up in the hieratisbyyumber of subsumers decrease. Hence,
very general ones, for example, direct speciabratiof the root node, will become
indistinguishable (i.e. all of them have a uniqueestor). Even though one may consider that
concepts modeled at the same level of abstracteegually informative, it turns out that
concepts (especially the most abstract ones) rareent identical levels of informativeness. In
WordNet, for example, there is a significant vaodiatin the number of hyponyms subsumed by
concepts located at the same level of abstractidh,a proportion up to 40:1 (Devitt & Vogel,
2004). As argued by several authors (Sanchez, Batat, 2011; Seco, et al., 2004), one can
assume that a conceptual abstraction with 40 tim@e hyponyms than another one is likely to
appear more frequently (and hence, to providel@gssince it can be referred by means of all
its taxonomical specializations. In these casesingahe IC calculus on the amount of concept
subsumers will be too coarse. On the contrary,dmgiclering that leaves of an ontology frame
and define in a detailed manner the scope and lawi@sdof the modeled domain (Sanchez,
Batet, et al., 2011), the evaluation of the sdéates of a general concept provides a more
detailed quantification of its semantics. Thisésause its meaning is the result of the
subsumption of all of its specializations. As aufeggeneral concepts with the same amount of
subsumers can be more accurately differentiated.

Applying definition 3 to inner concepts of Examplewe obtaircommonness(water
sportF=9x1/3+2x1/5=3.4commonness(wind spor§x1/4+2x1/5=1.65commonness(kite
sportE3x1/4+1/5=0.95 andommonness(sail spori2x1/4+1/5=0.7. We observe how the larger
the number of leaves under an inner concept anbiginer their commonness values are, the
higher the commonness of the inner concept is. Mteabserve how concepts located at the
same level of abstraction are differentiated adogrtb their subsumed leaves.



Finally, given the above definitions, the IC ofanceptc (leaf or not) is computed as the
inverse of its commonness. We assume that the georeral the meaning of a concept is (i.e. the
higher the commonness), the less information ivioles when appearing in a context. Formally:

Definition 4. The IC of a conceptis defined as:

commonnegs)c

IC(c) =-log
commonnegs rop

(9)

Note that, to produce values in the 0..1 rangeabisslute value of commonness is divided by
the value of the most general, and hence, leseni@dtive concept: the root node. In this manner,
IC is normalized according to the size of the amggl which enables a fair comparison of IC
values computed from different ontologies. Thi®alermits coherent similarity calculus of
concept pairs belonging to different ontologiescsilC-based similarity measures quantify the
resemblance of concepts as a function of theimi€those of their common ancestors (Jiang &
Conrath, 1997; Lin, 1998). For example, we carlyfamompare IC-based similarity assessments
obtained from ontologies of different sizes, orchrce coherent similarity estimations when each
of the compared concepts belongs to a differerdlogy. In this last case, a methodology to
integrate ontological knowledge can be used (MeB&anchez, Valls, & Gibert, in press;
Sanchez, Solé-Ribalta, Batet, & Serratosa, 2012).

By applying definition 4 to example 1 and computihg commonness of the root node by
considering solely (for simplicity) the leaves shoiw Fig.1 (i.e., §ommonness(roct)
9x1/3+5x1/4+2%1/5=4.65)), the IC of inner concapt$C(water sporty-log(3.4/4.65)=0.45,
IC(wind sportF -log(1.65/4.65)= 1.49C(kite sportF-log(0.95/4.65)=2.29 ank(sail sporty-
log(0.7/4.65)=2.73. Coherently to commonness vatleained above, general inner nodes
which subsume a large number of leaves with highermonness values (likeater spor}
result in low IC values. By computing IC values feaves we obtain, for example,
IC(swimming¥ -10g(0.33/4.65)=3.82)C(paragliding)= -log(0.25/4.65)=4.22 otC (kite
surfing)= -1og(0.2/4.65)=4.54. In this case, the largertiamber of subsumers is, the higher the
IC value is.

Compared with related works, our approach provsdese theoretical advantages. First,
similarly to Seco et al., a concept is evaluatenbeting to its specializations. However, our
approach gives less importance to the inner taxendetail as only the commonness of leaves
is considered. As stated in (Sanchez, Batet, €2@l1), this is desirable to lesser the influence
of the inner taxonomic granularity, a dimensiort tlasely depends on the criterion of the
knowledge expert and that may vary from one ontptoganother, and even for different
taxonomic trees of the same ontology. In additwa weight the contribution of each leaf in the
IC of a subsumer concept according to its assessadhonness. This provides a more accurate
guantification and differentiation of concept setzs Contrary to (Zhou, et al., 2008), this is
done without depending on manually tuned parametdrieh may hamper the generality of the
approach. As in (Sanchez, Batet, et al., 2011)cantrary to (Zhou, et al., 2008), the
commonness of leaves relies on the whole set afusners rather than only on the relative depth
(i.e. minimum path to the root node). As a resalir, approach considers more taxonomic
knowledge in the assessment. Finally, the diffeaged calculus of leaves and inner concepts
commonness enable an accurate quantification ofgamantics, which, in each case, is
assessed according to the knowledge structurgitet more detailed evidences; that is, the



number of subsumers for leaves and the aggregatiommmonness of leaves for subsumer
concepts.

In order to provide coherent IC values accordintheobackground ontology, as stated in the
second section, those must monotonically increasma moves down in the taxonomy. This
property is proven for our proposal below.

Proposition 1.The function ofeq. 8 monotonically increases according to concept
specializations in the taxonomy.

Proof.
Let C be the set of concepts of the ontology, Eeaves(clpe the set of hyponyms othat are
not further specialized, thatlsaveg ¢={ 0 ¢ kK dI-0OHh K }I. Then,

Oc,c,UC|g< = leaveb g0 leavgs)e=> commonpigsc commdgny. Thatis, due

to the fact that, is a specialization af, leaves(g) will necessarily be a subsetlefives(g);
hence, the commonness of the first (computed femwes(g)) will necessarily be lower or equal
to the commonness of the second (computed feaves(g)). In consequence, as one moves
down in the hierarchy, the final IC value, whiclthe inverted logarithm of the commonness
values, monotonically increases.

EVALUATION

In order to test the accuracy of the proposed I€ubas in comparison with related works, we
have evaluated them by means of classical IC-bsiggtarity measures and several
benchmarks, which are detailed below.

Similarity measures based on Information Content

As stated in the introduction, the notion of IC hagn used to develop semantic similarity
measures. Resnik’'s seminal work (Resnik, 1995)gsep a similarity measure which relies
relies solely on the amount of information shargdhe compared terms (10). Such common
information was estimated as the IC of the mostifipecommon ancestor subsuming both terms
in an ontology, that is, the Least Common Subsyiés).

sime,(G, ¢)= I(LCS & §) (10)

The fact of relying only on a common abstractiorkesaconcept pairs which shares the same
LCS indistinguishable from point of view of the samtic similarity. This problem was solved by
(Lin, 1998) and (Jiang & Conrath, 1997) incorpoddiee IC of the compared concepts in the
assessment by using different similarity coeffitgen

_ _ 2xIC(LCS(G, 6)) 11
SiM (6 &)=~ e )+ 1c(0) -
siMe: (¢, ¢)= IALCE ¢ O)-( IC9+ 1€ Q) (12)

It is important to note that similarity measures asually applied to words extracted from
text. Since the IC calculus is performed at a cptua level, conceptualizations modeled in the



ontology, which correspond to the compared worldsukl be identified. Since some of the
evaluated words may be polysemous, several confientene per word sense) may be
retrieved. A proper disambiguation of input terras solve ambiguity, by assigning input words
to unique ontological concepts. However, as statele introduction, semantic similarity is
usually applied to non-disambiguated inputs (Butdéyi& Hirst, 2006), which is the case of the
benchmarks used for evaluation purposes.

In order to enable a fair comparison of resultsyeg@oduced the behavior of previous works
which deal with polysemic words hyretrieving all ontological concepts correspondingl|
senses of each wond), computing individual similarities for each combiioa of concepts, and
iii) selecting the maximum similarity value as thelfregult. The rationale for this criterion is
that, given two non-disambiguated words, humanesibjpay more attention to their
similarities, that is, their most related sensese($ky, 1977). Formally, given two potentially
polysemous wordsaj, W), their similarity is computed as:

Sim . (W, W) = r(Tllja)X( SiMy ( € ) (13)

where g; and ¢; are each of the concepts retrieved from the ogjo{pe. one per word sense).

In the following tests, WordNet version 2 has baeed as ontology, which is the usual
version used in related works. The JWNL Java ARp(fisourceforge.net/projects/jwordnet/)
has been used to access WordNet concepts andltoeeieir taxonomical trees. Since these
can be completely pre-loaded in memory in a Haletand their taxonomic links can be
explored efficiently by using memory pointers, thatime for intrinsic IC calculus models (ours
and those of related works) is in the order ofiseltonds for each concept on a 2.6Ghz Intel
Core CPU.

Results

In order to evaluate the accuracy of the similamigasures for different IC computation models
mentioned above, we followed the usual proceduofparing to the extent to which the
computerized similarity ratings correlate with humpadgments. Correlation values for a given
measure will provide a quantification of the acayraf the IC calculus, which enables an
objective comparison against other approaches.

In order to enable reproducible and comparableuvatians, several benchmarks of word pairs
with human-based similarity assessments have begoged (Agirre et al., 2009; Miller &
Charles, 1991; Rubenstein & Goodenough, 1965). Ehase, the Miller and Charles benchmark
is the most commonly used (Jiang & Conrath, 1997, 1998; Patwardhan & Pedersen, 2006;
Petrakis, Varelas, Hliaoutakis, & Raftopoulou, 20B&snik, 1995; Seco, et al., 2004). It consists
of 30 English noun pairs with averaged similarigfues provided by 38 students in a scale from
0 (unrelated) to 4 (synonyms) (Miller & Charles919. Evaluation results for this benchmark,
the above similarity measures, and IC computatiodets proposed by related works are already
reported in the literature, which enables a dieaxt objective comparison with our own model
(see Table 1). First, we have taken correlationlteseported in Patwardhan and Pedersen
(Patwardhan & Pedersen, 2006), in which Resnikizsland Jiang and Conrath’s measures
were evaluated by using a corpora-based IC calcRlesults are summarized in the first three
rows of Table 1. Regarding intrinsic IC computatinadels (Seco et al., Zhou et al. and Sanchez
et al.), correlation values have been taken froetdSet al., 2004) and (Sanchez, Batet, et al.,
2011); seerows 4 to 6, 7 to 9 and 10 to 12, reésady. Results obtained by the IC calculus



model proposed in this paper, which were obtaimeteuthe same conditions, are reported in
rows 13 to 15 of Table 1.

Table 1. Correlation values for IC-based similanityeasures for the Miller and Charles benchmark.
From left to right: type of IC calculus, similaritpeasure, reference in which the measure/method was
proposed, correlation against human judgments afdrence in which correlations were report8adld
lines represent our method.

IC Calculus Measure Proposed in M&C Evaluated in
Resnik (Resnik, 199) 0.7z  (Patwardhan & Pederse
2006)
Corporebasec Lin (Lin, 199¢) 0.7 (Patwardhan & Pederse
2006)
(Resnik, eq.] J&C (Jiang & Conrath, 199 0.7¢  (Patwardhan & Pederse
2006)
Resnik (Seco, et al., 20() 0.77 (Seco, et al., 20()
Intrinsic Lin (Seco, et al., 20() 0.81 (Seco, et al., 20()
(Seco et al., eq. J&C (Seco, et al., 20() 0.84 (Seco, et al., 20()
Resnil (Zhou, et al., 200 0.8z (Sanchez, et al., 20)
Intrinsic Lin (Zhou, et al., 200) 0.8z (Sanchez, et al., 20)
(Zhou et al, eq. « J&C (Zhou, et al., 200) 0.8z (Sanchez, et al., 20)
Resnik (Sanchez, et al., 20) 0.8¢ (Sanchez, et al., 20)
Intrinsic Lin (Sanchez, et al., 20) 0.8t (Sanchez, et al., 20)
(Sanchez etal., eq. J&C (Sanchez, et ¢, 201() 0.87 (Sanchez, et al., 20)
Resnik This work 0.8z  This work
Intrinsic Lin This work 0.8¢  This work
(this work, eq. 9) J&C This work 0.89  This work

First of all, it is noticed that corpora-based Klctlus provides lower correlations than
intrinsic versions (0.7-0.73 vs. 0.77-0.89). Adatlan the second section, the accuracy of
corpora-based methods is hampered by the adequda@wailability of data and on the
appropriate word tagging so that concept usagdeanoperly estimated. Instead, intrinsic IC
calculus relies on smaller but better structureaedge sources: ontologies. As a result, they
are scalable and easily applicable and, as showreiresults, they better mimic human
judgments of similarity.

Regarding the comparison of intrinsic IC calculusdels, results show what was expected
from the theoretical reasoning discussed in threl hection. The approach by Seco et al.
provides high baseline results which are progredgivnproved as more knowledge is
considered during the IC assessment. ParticulZhgu et al., who incorporated the notion of
depth as a weighted feature into the calculusebdifferentiated concepts with the same amount
of hyponyms. Note that the weight value recommernmeduthors (k=0.5) was used in this test.
The approach by Sanchez et al. provides even nooregate results, thanks to the exploitation of
additional taxonomic knowledge (subsumers instéadlative depth).

The model presented in this paper provides thedsigtorrelation in most cases. We believe
that this is motivated by the more accurate assasisaf concept generality/concreteness, as a
function of their subsumers (in case of leaf no@es)f their hyponyms (in case of inner
taxonomic nodes). Precisely, the differentiatiototh types of concepts better distinguishes



them because the most detailed taxonomic featea@db or subsumers) is evaluated in each
case.

To further evaluate the influence of this desigoisien, we compared how each of these
dimensions (i.e., number of hyponyms and numbsubsumers) correlateadividually against
human assessments. On the one hand, computingth@iaserse function of the number of
hyponyms of a concejst precisely what Seco et al. proposes (eq. JuReare shown in the
first three rows of Table 2, which are obviouslgndical to those reported in Table 1. On the
other hand, we computed IC adigect function of the number of subsumers of aeph
normalized by the maximum number of possible sulessjras follows:

| subsumerg l
r

IC (c)=log
subsumer max_ subsume

(14)

Results are reported in row8 t 6" in Table 2.

Table 2. Correlation values for similarity measuxesying the IC calculus criteriorBold lines
represent our method.

IC Calculus Measure M&C
Resnik 0.77
inv_f(hyponyms Lin 0.81
(Secoetal,eq. J&C 0.8
Resnil 0.72
f(subsumer: Lin 0.71
(eq. 14 J&C 0.6¢
Resnik 0.8¢
This work Lin 0.86
(eq. 9) J&C 0.89

Results show that the exclusive evaluation of #te@hyponyms provides more accurate
assessments than the analysis of the subsumdhsets because the former provides finer-
grained and more detailed semantic evidences tmlatter. However, both approaches present
disadvantages: the fact that leaves become indigthable, in the first case, and that general
concepts with the same number of subsumers arédeoed equally informative, in the latter
case. The integration of both dimensions as praposthis paper manages to improve
individual results, as shown in the last three roW$able 2. With our model, leaves are
distinguished according to their subsumers, andriosoncepts are differentiated according to the
degree of commonness of their leaves. The propoeelt!| is also coherent with the theoretical
principles of IC and adapts the idea proposed IsnRdor corpora to the ontological domain: to
compute the IC of a concept as a function of thefl@s specializations.

Finally, it is important to note that correlatioashieved with our model (up to 0.89) are very
close to the degree of agreement between humamgrtg for this benchmark. Concretely, a
correlation value of 0.9015 among ratings of défgrhuman experts was reported by Resnik
when reproducing the Miller and Charles’ experimeantalue that represents an upper-bound for
computerized approaches.

Extending the evaluation framework



In order to provide more robust evaluation evidenees also used an additional recent
benchmark named/ordism similarity goldstandar(Agirre, et al., 2009), which is a part of the
well-known WordSim353 test collection (Finkelsteinal., 2002), but focused on the evaluation
of semantic similarity. It consists of a set of 208rd pairs with associated ratings that also
includes those of Miller and Charles. Due to itsergness, very few authors have reported
evaluation results for this benchmark. Hence, wal@mented and tested related works on
intrinsic IC calculus to enable an objective conmaar with our proposal. Correlation values are
reported in Table 3.

Table 3. Correlation values for IC-based similaniteasures for Wordism similarity goldstandard. From
left to right: type of IC calculus, similarity meag, reference in which the measure/method was
proposed and correlation against human judgmeBid lines represent our method.

IC Calculus Measure Proposed ir Wordsim
Resnik (Seco, et al., 200 0.6¢€
Intrinsic Lin (Seco, et al., 200 0.6
(Seco et al., eq. J&C (Seco, et al., 200 0.62
Resnik (Zhou, et al., 200 0.6z
Intrinsic Lin (Zhou, et al., 200) 0.6
(Zhou et al, eq. « J&C (Zhou et al., 200) 0.62
Resnik (Sanchez, Batet, et al., 2() 0.6¢
Intrinsic Lin (Sanchez, Batet, et al., 2() 0.6¢
(Sanchez etal., eq. J&C (Sanchez, Batet, et al., 2() 0.64
Resnik This work 0.68
Intrinsic Lin This work 0.68
(this work, eq. 9) J&C This work 0.68

Firstly, one notices that all correlation values significantly lower than those reported for
Miller and Charles’ benchmark (Table 1). This isigad by its larger size and the higher
heterogeneity of terms, which makes Wordsim a ngereeral and also a more challenging
benchmark (Pirro & Euzenat, 2010). In any caseilairaonclusions as those enounced in the
previous section can be extracted by analyzinglifierences of correlation values: Seco et al.’s
method is improved by Sanchez et al.’s and thistgrnthe proposed model. A difference regards
Zhou et al.’s method, which provides the lowesusacy. As discussed in the second section,
this method relies on a weighing parameter to aggesthe contribution of hyponym cardinality
and depth. The parameter was tuned empiricallglfmsical similarity benchmarks and lacks a
theoretical base. The different behavior obsereedhe two benchmarks suggests that a
different parameter tuning could be performed tpriowe the results in this last case.

Another difference regards the fact that, in tes ,tResnik’'s measure tends to provide equal
or even better results than Jiang & Conrath’s antslmethods, whereas, in Miller and Charles’
one, the opposite behavior was observed. As disdusqPirrd, 2009), this suggests that the
LCS of the compared concepts, in which Resnik’shoeis solely based, better represents the
commonalties between terms in this last benchmark.

Comparison with other similarity paradigms

In order to put correlation values reported abaowe context, in this section we compare the
results achieved by our model with other ontologgda similarity paradigms. Again, Miller and



Charles’ benchmark and WordNet have been used shartke availability of evaluation results
for other similarity paradigms.

Ontology-based methods proposed in the literatanebe classified in several families other
than IC-based measures discussed in this papehedime handgdge-counting measurase
based on counting the minimum number of taxonomkslseparating two concepts in a given
ontology (Leacock & Chodorow, 1998; Li, et al., 30®ada, Mili, Bichnell, & Blettner, 1989;
Wu & Palmer, 1994). On the other hafehture-based approachestimate similarity according
to the amount of common and non-common semantiaresbetween concept pairs (Petrakis, et
al., 2006; Rodriguez & Egenhofer, 2003; Tversky, 9By features, authors analyze
taxonomic knowledge modeled in an ontology as agkbynonym sets or concept descriptions
(glosses) retrieved from dictionaries. The contidiuof each feature is aggregated by means of
weighing parameters. Correlation values reportdtierliterature for the above measures are
compiled in Table 4.

Table 4. Correlation values for different similgrineasures for the Miller and Charles benchmarlonfrr
left to right: type of similarity computation parigein, measure name, reference in which it is progose
correlation against human subjects and referenoshiich correlations were reporteBold lines
represent our method.

Type Measure Proposed in M&C Evaluated in
Rada et a (Rada, et al., 199 0.5¢  (Petrakis, et al., 20()
Edge W&P (Wu & Palmer, 199) 0.7¢  (Petrakis, et al., 20()
counting L&C (Leacock & Chodorow, 199 0.7¢  (Patwardhan & Pedersen, 2()
Li et al. (Li, et al., 200) 0.8z (Petrakis, et al., 20()
R&E (Rodriguez & Egenhofer, 20) 0.71 (Petrakis, et al., 20()
Featur Tversky (Tversky, 197) 0.7¢  (Petrakis, et al., 20()
base: Petrakis et al (Petrakis, et al., 201) 0.7  (Petrakis, et al., 20()
Resnik This work 0.83  This work
Intrinsic IC  Lin This work 0.86  This work
(eq. 9) J&C This work 0.89 This work

The most basic edge-counting measure (Rada, 4980), which is based solely on the
evaluation of the minimum path separating the tawacepts, provides the lowest accuracy
(0.59). Other methods, which incorporate additi@eanantic evidences such as the depth ((Wu
& Palmer, 1994) and (Leacock & Chodorow, 1998), able to improve this value (0.74).
Parameterized methods (Li, et al., 2003) or thossgrating several knowledge features such as
(Rodriguez & Egenhofer, 2003), (Tversky, 1977)Ret(akis, et al., 2006), also improve the
baseline correlation, at the cost of introducingglieng parameters that should be tuned for a
specific problem to maximize the accuracy. This para their generality.

Results achieved by IC-based measures when usngdposed model are the highest of the
bunch (0.83-0.89). This suggests that, even thallgraradigms use the same knowledge to
assess similarity, that is, the input ontology, madel better captures semantic evidences that
enable a more accurate differentiation of concapts hence, a more precise similarity
assessment.

CONCLUSION



The IC of a concept is a fundamental dimensiongbatains many semantic analyses of textual
resources (Resnik, 1995). By accurately quantifyireginformativeness of concepts referred in a
discourse, one can identify its main topics (Sanclastella-Roca, & Viejo, in press), build user
profiles (Viejo, Sanchez, & Castella-Roca, in pjesseven detect potentially sensitive
information (Sanchez, Batet, & Viejo, in press).fgaver, as discussed throughout the paper, IC
has been exploited as the fundamental principéstionate the similarity between terms
(Formica, 2008; Jiang & Conrath, 1997; Li, et 2003; Resnik, 1995), being applied in many
areas to improve the comprehension of textual reesusee some examples in the
introduction). Since the above tasks rely on thengjtication of IC of individual concepts, an
improvement of the IC calculus, as it is proposethis paper, produces an immediate positive
impact on their results.

The proposed model solely exploits the taxonomm¥Kedge available in an ontology, which
is the most commonly available one (Ding et alQ#0Instead of a refinement of intrinsic
calculus methods proposed in related works, weeptes redefinition of the way in which IC is
assessed. Its design aims to better capture taxors@mantic evidences available in the
ontology and, hence, to enable a better differgatiaof the meaning of concepts. The fact that
our proposal avoids the use of tuning parameteggther with its lack of corpora dependency,
enables a general, efficient and easily applicapf@oach.

Evaluation results sustained the theoretical hygs®k. Our method provided, in most cases,
higher correlations with human judgments than oteralculus models when applied in the
context of semantic similarity assessment. On tieet@and, our approach improved other
intrinsic and corpora-based methods, obtainingetation values that were very close to human
agreement. On the other hand, in comparison withraintology-based similarity paradigms,
our model enabled IC-based measures to providentis¢ accurate results, despite exploiting the
same knowledge source.

As future work, we plan to study the behavior of method in specific domains such as
biomedicine, in which large ontologies are avagalflor that purpose, domain-specific similarity
benchmarks which cover medical terms (Pedersai, &007) and medical ontologies such as
SNOMED-CT (Spackman, 2004) can be considered. liginalorder to test the generality of our
method, we plan to apply it to similarity assesshseenarios in which concepts are spread
through several ontologies. By adapting IC-basedsmess to support multiple input ontologies
(similarly to methods proposed in (M. Batet, et ia.press) or (David Sanchez, et al., 2012)), the
recall of the similarity assessment can be imprdwedolving cases in which concepts are
missing in one ontology but found in another.

ACKNOWLEDGEMENTS

This work was partly funded by the Spanish Govemintigrough the project CONSOLIDER
INGENIO 2010 CSD2007-0004 “ARES”, and by the Goweemt of Catalonia under grant 2009
SGR 1135.

REFERENCES

Agirre, E., Alfonseca, E., Hall, K., Kravalova, Pasca, M., & Soroa, A. (2009). A Study on
Similarity and Relatedness Using Distributional &ddrdNet-based Approachda
Proceedings of the Human Language Technologies2088 Annual Conference of the North
American Chapter of the AQpp. 19-27). Boulder, Colorado.



Batet, M., Sanchez, D., & Valls, A. (2011). An olieigy-based measure to compute semantic
similarity in biomedicineJournal of Biomedical Informatics, 44), 118-125.

Batet, M., Sanchez, D., Valls, A., & Gibert, K. finess). Semantic similarity estimation from
multiple ontologiesApplied Intelligence

Budanitsky, A., & Hirst, G. (2001). Semantic distann WordNet: An experimental,
application-oriented evaluation of five measutasProceedings of the Workshop on WordNet
and Other Lexical Resources, Second meeting dfidingkn American Chapter of the Association
for Computational Linguistic§p. 10-15). Pittsburgh, USA.

Budanitsky, A., & Hirst, G. (2006). Evaluating wowet-based measures of semantic distance.
Computational Linguistics, 32), 13-47.

Curran, J. R. (2002). Ensemble Methods for Autoei@tiesaurus Extractioim Proceedings of
the Empirical Methods in Natural Language ProcegsiBMNLP 200Z4pp. 222—-229).
Philadelphia, PA, USA.

Devitt, A., & Vogel, C. (2004). The topology of Witidet: Some Metricdn Proceedings of the
2nd Global Wordnet Conference, GWC 2@pg. 106-111). Brno, Czech Republic.

Ding, L., Finin, T., Joshi, A., Pan, R., Cost, R.Beng, Y., Reddivari, P., Doshi, V., & Sachs, J.
(2004). Swoogle: A Search and Metadata Enginei®iSemantic Webin Proceedings of the
thirteenth ACM international conference on Inforroatand knowledge management, CIKM
2004 (pp. 652-659). Washington, D.C., USA.

Fanizzi, N., d’Amato, C., & Esposito, F. (2009)durctive Classification of Semantically
Annotated Resources through Reduced Coulomb Emégtyorks.International Journal On
Semantic Web and Information Systen@).5

Fellbaum, C. (1998\WordNet: An Electronic Lexical Databasgambridge, Massachusetts:
MIT Press.

Finkelstein, L., Gabrilovich, E., Matias, Y., RimiE., Solan, Z., Wolfman, G., & Ruppin, E.
(2002). Placing Search in Context: The Concept &td. ACM Transactions on Information
Systems, @), 116-131.

Formica, A. (2008). Concept similarity in Formalr@ept Analysis: An information content
approachKnowledge-Based SystemgD)]1 80-87.

Hliaoutakis, A., Varelas, G., Voutsakis, E., Peisak. G. M., & Milios, E. E. (2006).
Information Retrieval by Semantic Similarityternational Journal on Semantic Web and
Information Systems(2), 55-73.

Hwang, M., & Kim, P. (2009). A New Similarity Measufor Automatic Construction of the
Unknown Word Lexical Dictionaryinternational Journal On Semantic Web and Informati
Systems,(3), 48—64.



Jiang, J. J., & Conrath, D. W. (1997). Semanticifaimty Based on Corpus Statistics and
Lexical TaxonomyIn Proceedings of the International Conference on Retein
Computational Linguistics, ROCLING (¥p. 19-33). Taipei, Taiwan.

Leacock, C., & Chodorow, M. (1998). Combining locahtext and WordNet similarity for word
sense identificatiolVordNet: An electronic lexical databagep. 265-283): MIT Press.

Li, Y., Bandar, Z., & McLean, D. (2003). An Apprdator Measuring Semantic Similarity
between Words Using Multiple Information Sourdé<€E Transactions on Knowledge and
Data Engineering, 1@), 871-882.

Lin, D. (1998). An Information-Theoretic Definitianf Similarity. In Proceedings of the
Fifteenth International Conference on Machine Leagn ICML 1998(pp. 296-304). Madison,
Wisconsin, USA.

Maedche, A., & Staab, S. (2002). Measuring sintjaretween ontologiesn Proceedings of
the 13th International Conference on Knowledge Begiing and Knowledge Manageménp.
251-263). London, UK.

Martinez, S., Sanchez, D., & Valls, A. (2012). SatiAdaptive Microaggregation of
Categorical MicrodataComputers & Security, %), 653-672.

Martinez, S., Sanchez, D., Valls, A., & Batet, i012). Privacy protection of textual attributes
through a semantic-based masking methafdrmation Fusion, 1@}), 304-314.

Miller, G. A., & Charles, W. G. (1991). Contextuairrelates of semantic similarityanguage
and Cognitive Processeq1§, 1-28.

Partee, B., ter Meulen, A., & Wall, R. (1998)athematical Methods in LinguisticKluwer
Academic Publishers.

Patwardhan, S., Banerjee, S., & Pedersen, T. (2033)g Measures of Semantic Relatedness
for Word Sense Disambiguatiolm Proceedings of the 4th International Conference on
Computational Linguistics and Intelligent Text Pessing and Computational Linguistics,
CICLing 2003(pp. 241-257). Mexico City, Mexico.

Patwardhan, S., & Pedersen, T. (2006). Using Wordidsed Context Vectors to Estimate the
Semantic Relatedness of ConceptsProceedings of the EACL 2006 Workshop on Making
Sense of Sense: Bringing Computational Linguistic Psycholinguistics Togeth@p. 1-8).
Trento, Italy.

Pedersen, T., Pakhomov, S., Patwardhan, S., & C8ui{007). Measures of semantic
similarity and relatedness in the biomedical domaauirnal of Biomedical Informatics, 48),
288-299.

Petrakis, E. G. M., Varelas, G., Hliaoutakis, A.R&ftopoulou, P. (2006). X-
Similarity:Computing Semantic Similarity betweenr@epts from Different Ontologiedournal
of Digital Information Management, 233-237.



Pirro, G. (2009). A semantic similarity metric coimibg features and intrinsic information
contentData & Knowledge Engineering, GBL), 1289-1308.

Pirro, G., & Euzenat, J. (2010). A Feature andrmiation Theoretic Framework for Semantic
Similarity and Relatednesk Proceedings of the 9th International Semantic Webf&ence
(pp. 615-630). Shangai, China.

Rada, R., Mili, H., Bichnell, E., & Blettner, M. 89). Development and application of a metric
on semantic net$EEE Transactions on Systems, Man, and Cyberné&t¥, 17-30.

Ramezani, M. (2011). Using Similarity-Based Appttoeg for Continuous Ontology
Developmentinternational Journal On Semantic Web and InformatBystems,(2), 45-64.

Resnik, P. (1995). Using Information Content to I6tete Semantic Similarity in a Taxonomy
In Proceedings of the 14th International Joint Confexeon Atrtificial Intelligence, IJCAI 1995
(pp. 448-453). Montreal, Quebec, Canada.

Rodriguez, M. A., & Egenhofer, M. J. (2003). Detarimg semantic similarity among entity
classes from different ontologidEEE Transactions on Knowledge and Data Enginegring
152), 442-456.

Ross, S. (1976A First Course in ProbabilityMacmillan.

Rubenstein, H., & Goodenough, J. (1965). Contextaaklates of synonymgZommunications
of the ACM, 810), 627-633.

Sanchez, D. (2010). A methodology to learn ontaalgattributes from the Webata &
Knowledge Engineering §8), 573-597.

Sanchez, D., & Batet, M. (2011). Semantic similaeistimation in the biomedical domain: An
ontology-based information-theoretic perspecfivarnal of Biomedical Informatics, &), 749-
759.

Sanchez, D., Batet, M., & Isern, D. (2011). Ontgkbgsed Information Content computation.
Knowledge-based Systems(24297-303.

Sanchez, D., Batet, M., Isern, D., & Valls, A. (2010ntology-based semantic similarity: A new
feature-based approadixpert Systems with Applications(3p 7718-7728.

Sanchez, D., Batet, M., Valls, A., & Gibert, K. (@M. Ontology-driven web-based semantic
similarity. Journal of Intelligent Information Systems (3§ 383-413.

Sanchez, D., Batet, M., & Viejo, A. (in press). Bding sensitive information from textual
documents: an information-theoretic appradatProceedings of the 9th International
Conference on Modeling Decisions for AtrtificialéliigenceGirona, Spain.



Sanchez, D., Castella-Roca, J., & Viejo, A. (ingse Knowledge-Based Scheme to Create
Privacy-Preserving but Semantically-Related Qudae¥Veb Search Enginelmformation
Sciences

Sanchez, D., & Isern, D. (2011). Automatic extractof acronym definitions from the Web.
Applied Intelligence, 32), 311-327.

Sanchez, D., Isern, D., & Millan, M. (2011). Corttdmnotation for the Semantic Web: an
Automatic Web-based Approadinowledge and Information Systems(3)7393-418.

Sanchez, D., Solé-Ribalta, A., Batet, M., & Sersatd-. (2012). Enabling semantic similarity
estimation across multiple ontologies: An evaluaiiothe biomedical domaidournal of
Biomedical Informatics, 48), 141-155

Seco, N., Veale, T., & Hayes, J. (2004). An Intiiriaformation Content Metric for Semantic
Similarity in WordNet In Proceedings of the 16th European Conference offiéai
Intelligence, ECAI 2004, including Prestigious Apgahts of Intelligent Systems, PAIS 2@pg.
1089-1090). Valencia, Spain.

Shakya, A., Takeda, H., & Wuwongse, V. (2009). Camity-Driven Linked Data Authoring
and Production of Consolidated Linked Ddtdernational Journal On Semantic Web and
Information Systems(3), 23-48.

Spackman, K. (2004). SNOMED CT milestones: endoesgsnare added to already-impressive
standards credentialdealthcare Informatics, 49), 54-56.

Tapeh, A. G., & Rahgozar, M. (2008). A knowledgedxhquestion answering system for B2C
eCommerceKnowledge-Based Systems(&1946-950.

Tversky, A. (1977). Features of Similari§sycological Review, §4), 327-352.

Viejo, A., Sdnchez, D., & Castella-Roca, J. (ings)e Preventing Automatic User Profiling in
Web 2.0 ApplicationsKnowledge-Based Systems

Wu, Z., & Palmer, M. (1994). Verb semantics anddakselectionin Proceedings of the 32nd
annual Meeting of the Association for Computatidaaguistics(pp. 133 -138). Las Cruces,
New Mexico.

Zhou, Z., Wang, Y., & Gu, J. (2008). A New Modelloformation Content for Semantic
Similarity in WordNet In Proceedings of the Second International ConferemcEuture
Generation Communication and Networking SympodaCRS 200§pp. 85-89). Sanya, Hainan
Island, China.



