
CEAI, Vol.25, No. 2, pp. 72-82, 2023 Printed in Romania

Linked Data Semantic Distance with
Global Normalization for evaluating
Semantic Similarity in a Taxonomy

Anna Formica ∗ Francesco Taglino ∗∗

∗ National Research Council, Istituto di Analisi dei Sistemi ed
Informatica “Antonio Ruberti”, Via dei Taurini 19, I-00185 Rome,

Italy (e-mail: anna.formica@iasi.cnr.it)
∗∗ National Research Council, Istituto di Analisi dei Sistemi ed

Informatica “Antonio Ruberti”, Via dei Taurini 19, I-00185 Rome,
Italy (e-mail: francesco.taglino@iasi.cnr.it)

Abstract: In this work, the problem of evaluating semantic similarity in a taxonomy by relying
on the notion of information content is investigated. In particular, a measure that takes into
account not only the generic sense of a concept but also its intended sense in a given context
is considered. Such a measure needs a semantic relatedness approach in order to evaluate the
relatedness between the generic sense and the intended sense of a concept. In this work, we show
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previous experiments of the authors.
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1. INTRODUCTION

The information content (IC) approach has been employed
in several semantic similarity methods and has been rec-
ognized as “the state of the art on semantic similarity”,
Batet and Sánchez (2020). It has higher correlation values
with human judgment (HJ) with respect to other propos-
als which do not originate from it, Chandrasekaran and
Mago (2022). However, it has shown some limitations, for
instance, in the presence of pairs of concepts sharing the
same “more general” meaning, Jeong et al. (2017).

In Formica and Taglino (2021), a novel approach has been
presented that allows semantic similarity to be computed
by taking into account not only the ICs of the concepts
but also their context, i.e., the meanings of the concepts
in the given application domain. Indeed, as shown in
the mentioned paper, the context (or perspective, Lin
(1998)) is fundamental in evaluating semantic similarity,
and different contexts can lead to different similarity
degrees among the same concepts.

It is important to note that also the approach proposed
in Lin (1998) is based on the notion of perspective, but it
does not allow the evaluation of similarity by addressing a
single perspective at a time, and the information-theoretic
definition of similarity between concepts is interpreted as
“a weighted average of their similarities computed from
different perspectives”.

In this work, analogously to Formica and Taglino (2021),
we distinguish the notion of concept generic sense, i.e.,
the sense of the concept that is not related to any specific

context, from the concept intended sense, i.e., the meaning
of the concept in a specific context. In order to compute se-
mantic similarity between concepts, an important activity
consists in evaluating the semantic relatedness, Taieb et al.
(2020), between the generic sense and the intended sense
of a given concept. Note that, in this paper, we address
the problem of evaluating both semantic similarity and
semantic relatedness by focusing on structured knowledge
and, in particular, we rely on ISA taxonomies in the former
case and knowledge graphs in the latter case. For this
reason, Natural Language Processing (NLP) methods are
not addressed, in line with Formica and Taglino (2023a).

In this work, in place of the CombIC measure, Schuh-
macher and Ponzetto (2014), adopted in Formica and
Taglino (2021), and with respect to the experimentation
presented in Formica and Taglino (2023b), we rely on the
family of methods proposed in Piao and Breslin (2016),
here referred to as Linked Data Semantic Distance with
Global Normalization (LDSDGN), and in particular on
the LDSDGNγ strategy. Analogously to CombIC, this is
a knowledge-based approach for computing semantic re-
latedness of concepts in Resource Description Framework
(RDF) knowledge graphs.

Essentially, with respect to the combIC proposal that
leverages triple weights, the LDSDGNγ measure focuses
on triple patterns, and aims at verifying the existence of
specific configurations of paths in the RDF knowledge
graph, Formica and Taglino (2023a).

In the new experiment presented in this paper, besides
combIC and LDSDGNγ , the comparison also involves the
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Fig. 1. A simple taxonomy including concept senses

following knowledge-based relatedness measures: LDSDcw,
which belongs to the Linked Data Semantic Distance
(LDSD) family, Passant (2010), ASRMPa

m, El Vaigh et al.
(2020), Wikipedia Link-based Measure (WLM ), Milne and
Witten (2008), Exclusivity-based measure (ExclM ), Hul-
pus et al. (2015), and Linked Open Data Description Over-
lap (LODOverlap), Zhou et al. (2011). Overall, according
to the new experimental results, the LDSDGNγ strategy
shows the best average Spearman’s correlation.

The paper is organized as follows. In Section 2 the simi-
larity measure relying on the intended senses of concepts
is presented, and in Section 3 the LDSDGN family of
semantic relatedness measures is recalled. In Section 4 the
new experiment is illustrated, followed by the related work
in Section 5. The conclusion is given in Section 6.

2. THE SEMANTIC SIMILARITY MEASURE

Consider a set of concepts C of a tree-shaped ISA taxon-
omy (taxonomy for short), and a function p:

p: C → [0,1]

such that, for any c ∈ C, p(c) is the probability of the
concept c computed on the basis of the relative concept
frequency, freq(c), evaluated from large collections of
multidisciplinary texts, such as the Brown Corpus of
American English. In particular, the probability of a
concept c is defined as p(c) = freq(c)/N , where N is
the total number of concepts in the corpus. Hence, the
information content of a concept c, indicated as IC(c), is
computed as:

IC(c) = −log p(c)

which means that, intuitively, as the probability of a
concept increases its informativeness decreases. Given two
concepts ci, cj ∈ C, the concept semantic similarity pro-
posed in Lin (1998), simL(ci, cj), is defined as follows:

simL(ci, cj) =
2× IC(lcs(ci, cj))

IC(ci) + IC(cj)
(1)

where lcs is the least common subsumer (or the most
informative subsumer in Resnik (1995)) of the concepts
ci, cj in the taxonomy.

As extensively discussed in Formica and Taglino (2021),
the approaches relying on the method mentioned above
do not consider the semantic similarity of the meanings of
the concepts according to a given context. For this reason,
an enrichment of it has been proposed, by characterizing
the meanings of the compared concepts with respect to a
given application domain as recalled below.

Suppose sim is an information content-based similarity
measure (e.g., simL), and Dk is an application domain,
the semantic similarity of the concepts ci, cj ∈ C in Dk,
indicated as simDk(ci, cj), is defined as follows:

simDk(ci, cj) =

sim(ci, cj)× (1− ωk) + sim(SDk
(ci),SDk

(cj)))× ωk
(2)

where ωk is a weight, 0 ≤ ωk ≤ 1, defined by the domain
expert according to Dk, and SDk

is a function, referred to
as the intended sense function. Such a function associates
a concept with its meaning according to Dk as follows:

SDk
: C → C

and SDk
(c) = s if s ∈ C is the intended sense of c in Dk,

SDk
(c) = c otherwise.

Note that the weight ωk, depending on Dk, allows a
balance between the roles of the generic senses and the
intended senses of the concepts, according to the relevance
they have in the domain Dk.

For instance, consider the taxonomy shown in Figure 1,
and an application domain, say D1, where it is important
to characterize animals on the basis of their reproductive
mode, which can be eitherViviparity (i.e., the development
of the embryo occurs inside the body of the mother), or
Oviparity (i.e., the embryo grows inside an egg that is
external to the body of the mother). Then, let SD1 be
a function associating a concept representing an animal
(e.g., Orca, Cow, and Hen) with its intended sense in the
domain D1, as follows:
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SD1
(Orca) = Viviparity

SD1
(Cow) = Viviparity

SD1
(Hen) = Oviparity

Suppose to evaluate the similarity between Orca and Cow,
and successively between Orca and Hen according to Eq.
2, by relying on the taxonomy in Figure 1. The lcs between
Orca and Cow and between Orca and Hen coincide with
the concept Animal, whereas with regard to the lcs of their
intended senses, the following holds:

lcs(SD1
(Orca), SD1

(Cow)) = lcs(Viviparity, Viviparity)

= Viviparity

lcs(SD1(Orca), SD1(Hen)) = lcs(Viviparity, Oviparity)

= Reproduction

i.e., the lcs of the intended senses of Orca and Cow, which
is V iviparity, is more informative than Reproduction,
which is the lcs of the intended senses of Orca and Hen.

Therefore, assuming that siblings have the same informa-
tion content, we expect that:

sim(Orca, Cow) > sim(Orca, Hen)

since Orca and Cow are both viviparous, whereas Hen is
oviparous.

Now, suppose we have another scenario, say D2, requiring
animals to be classified according to the kind of nutrition
they follow. Then an animal can belong to one of the
following classes, Carnivore, Herbivore, andOmnivore, and
the function SD2 is defined as follows:

SD2
(Orca) = Omnivore

SD2(Cow) = Herbivore

SD2
(Hen) = Omnivore

In this second scenario, we expect the following:

sim(Orca, Cow) < sim(Orca, Hen)

because Orca and Hen are both omnivorous, whereas Cow
is herbivorous. Indeed, according to the taxonomy shown
in Figure 1:

lcs(SD2
(Orca), SD2

(Cow)) = lcs(Omnivore, Herbivore)

= Nutrition

lcs(SD2(Orca), SD2(Hen)) = lcs(Omnivore, Omnivore)

= Omnivore

andNutrition is a concept less informative thanOmnivore
since it is its parent. This very simple example shows
that different senses associated with concepts can lead to
different similarity scores, subject to the definition of the
weight ωk according to Dk.

3. EVALUATING THE RELATEDNESS OF
CONCEPT INTENDED SENSES

In the previous section we have seen that the weight ωk

depends on the domain Dk, and is established by domain
experts on the basis of the roles of the generic senses
and intended senses of the concepts in Dk. However in

our experiment, since finding several experts in different
application domains is not feasible, in order to evaluate
this proposal we relied on semantic relatedness methods,
Taieb et al. (2020). In particular, we focus on knowledge-
based semantic relatedness methods that depend on the
availability of a formal knowledge base, such as a knowl-
edge graph, an ontology, or a taxonomy.

In this paper, we consider the methods for evaluating
semantic relatedness of resources in RDF 1 knowledge
graphs, where concepts are represented by the nodes of
the graph. RDF is a family of specifications designed as a
standard model for data interchange on the Web. It is used
for the conceptual description or modeling of information
on Web resources, each identified by a Uniform Resource
Identifier (URI). RDF is based upon the idea of making
statements about resources by means of expressions in
the form of triples following a subject−predicate−object
pattern. The subject denotes the resource that is being
described, and the predicate expresses a relation between
the subject and the object, which can be a resource or a
literal (e.g., a string, or a number).

Let R = {r1, r2, ..., rn} be a finite set of URIs each
representing a resource, and L = {l1, l2, ..., lm} a finite
set of literals, an RDF triple has the form:

⟨s, p, o⟩
where s ∈ R is the subject, p ∈ R is the predicate, and
o ∈ R ∪ L is the object. An RDF knowledge graph is a
set of RDF triples, where subjects and objects are nodes,
and predicates are directed arcs (also called links, edges or
arrows).

3.1 LDSD with Global Normalization (LDSDGN)

In this paper we address the Linked Data Semantic Dis-
tance with Global Normalization (LDSDGN) family of
methods, Piao and Breslin (2016), which is an evolution
of the Linked Data Semantic Distance (LDSD) measures
presented in Passant (2010). Such a family is based on the
following assumptions.

Given two resources ra and rb, with ra ̸= rb, a distance
measure d should satisfy the following three axioms:

(i) Equal self-distance, i.e., d(ra, ra) = d(rb, rb) = 0.

(ii) Symmetry, i.e., d(ra, rb) = d(rb, ra).

(iii) Minimality, i.e., d(ra, ra) < d(ra, rb).

Since the measures introduced by Passant do not satisfy
these three axioms, in order to meet them, in Piao and
Breslin (2016) the authors propose the LDSDGN family
containing the LDSDGNα, LDSDGNβ , and LDSDGNγ

distances, that are recalled below.

LDSDGNα. Given a RDF knowledge graph G, let Cd be a
function that computes the number of direct links between
two resources in the graph as follows.

Given two resources ra, rb, and the predicate pj , then
Cd(pj , ra, rb) = 1 if in the graph there exists a triple
⟨ra, pj , rb⟩, otherwise Cd(pj , ra, rb) = 0.

1 http://www.w3.org/TR/2014/REC-rdf11-concepts-20140225/
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Furthermore, the total number of resources that can be
reached from ra by means of the predicate pj is indi-
cated by Cd(pj , ra) (analogously, Cd(pj , rb)). Similarly,
Cio(pj , ra) and Cii(pj , ra) are the total number of resources
indirectly linked to ra via outgoing and incoming links
labeled with the predicate pj , respectively.

On the basis of the assumption that resources are more
related if there is a great number of them linked via a given
predicate pk, the Cio (Cii) function defined by Passant has
been generalized by using the function C ′

io (C
′
ii) as follows:

C ′
io(pk, ra, rb) (C ′

ii(pk, ra, rb)) computes the total number
of resources linked to ra and rb via an outgoing (incoming)
predicate pk.

Therefore, given the resources ra, rb, the first distance is
the LDSDGNα(ra, rb) measure defined in Eq. 3:

LDSDα(ra, rb) =
1

1 + f1 + f2
(3)

where:

f1 =
∑

pj∈U

Cd(pj ,ra,rb)

1+log(Cd(pj ,ra))
+
∑

pj∈V

Cd(pj ,rb,ra)

1+log(Cd(pj ,rb))

f2 =
∑

pj∈W

C′
io(pj ,ra,rb)

1+log(Cio(pj ,ra))
+
∑

pj∈Z

C′
ii(pj ,ra,rb)

1+log(Cii(pj ,ra))

and U ,V ,W ,Z ⊆ R are the sets of the predicates pj in the
graph G such that Cd(pj , ra, rb) = 1, Cd(pj , rb, ra) = 1,
C ′

io(pj , ra, rb) > 0, and C ′
ii(pj , ra, rb) > 0, respectively.

As an example, consider the resources ra, and rb in the
graph G of Figure 2. In order to apply the LDSDGNα

measure to this pair, the sets U , V , W , and Z in Eq. 3 are
defined as follows.

U = {p1} because Cd(pj , ra, rb) = 1 only if j = 1,
and Cd(p1, ra) = 2 since rb and r4 are all the resources
that can be reached from ra through the predicate p1.
W = {p2} because C ′

io(pj , ra, rb) = 1 only for j = 2, and
Cio(p2, ra) = 2 since rb and r2 are indirectly linked to ra
via outgoing links labeled with p2, thanks to the following
pairs of triples:

(⟨ra, p2, r1⟩, ⟨rb, p2, r1⟩);
(⟨ra, p2, r1⟩, ⟨r2, p2, r1⟩).
Finally, V and Z are both equal to the empty set.

LDSDGNβ . With respect to LDSDGNα, in the following
LDSDGNβ measure the last two addenda at the denom-
inator are modified by addressing the averages between
Cio(pj , ra), Cio(pj , rb), and Cii(pj , ra), Cii(pj , rb) respec-
tively, in order to achieve symmetry.

Given the resources ra, and rb, LDSDGNβ(ra, rb) is
defined according to the following Eq. 4:

LDSDβ(ra, rb) =
1

1 + f1 + f2
(4)

where:

f1 =
∑

pj∈U

Cd(pj ,ra,rb)

1+log(Cd(pj ,ra))
+
∑

pj∈V

Cd(pj ,rb,ra)

1+log(Cd(pj ,rb))

f2 =
∑

pj∈W

C′
io(pj ,ra,rb)

1+log(
Cio(pj,ra)+Cio(pj,rb)

2
)

+
∑

pj∈Z

C′
ii(pj ,ra,rb)

1+log(
Cii(pj,ra)+Cii(pj,rb)

2
)

and the sets U , V , W , and Z are the same sets considered
by the LDSDGNα measure.

For example, when applying the LDSDGNβ measure to
the resources ra, and rb in Figure 2, the further function
to be computed with respect to LDSDGNα is Cio(p2, rb),
which is equal to 3. Indeed, the resources ra, r2, and r9
are the only resources that can be reached from rb via
outgoing links labelled with the predicate p2, thanks to
the following pairs of triples:

(⟨rb, p2, r1⟩, ⟨ra, p2, r1⟩);
(⟨rb, p2, r1⟩, ⟨r2, p2, r1⟩);
(⟨rb, p2, r8⟩, ⟨r9, p2, r8⟩).

LDSDGNγ . In Piao and Breslin (2016), the authors
propose a further measure, namely LDSDGNγ , relying
on a global normalization notion that essentially considers
the importance of a path between two resources according
to the number of its occurrences in the whole graph G. In
the following, let Cdp(pj) be the global occurrences of the
link pj between two resources in G.
Furthermore, Cio(pk, rj , ra, rb) = 1 if there exists a
resource rj such that ⟨ra, pk, rj⟩ and ⟨rb, pk, rj⟩, and
Cii(pk, rj , ra, rb) = 1 if there exists a resource rj such
that ⟨rj , pk, ra⟩ and ⟨rj , pk, rb⟩. The normalizations of
Cio(pk, rj , ra, rb) and Cii(pk, rj , ra, rb) are carried out by
using the global occurrences Ciop(pk, rj) and Ciip(pk, rj)
of rj as follows. Ciop(pk, rj) returns the global occurrences
of rj in the undirected paths [⟨rn, pk, rj⟩, ⟨rs, pk, rj⟩], for
any resources rn, rs in the graph G and, analogously,
Ciip(pk, rj) computes the global occurrences of rj in the
undirected paths [⟨rj , pk, rn⟩, ⟨rj , pk, rs⟩], for any resources
rn, rs in G.
According to the above assumptions, given ra and rb,
LDSDGNγ(ra, rb) is defined in Eq. 5:

LDSDγ(ra, rb) =
1

1 + f1 + f2
(5)

where:

f1 =
∑

pj∈U

Cd(pj ,ra,rb)

1+log(Cdp(pj))
+
∑

pj∈V

Cd(pj ,rb,ra)

1+log(Cdp(pj))

f2 =
∑

(pk,rj)∈W

Cio(pk,rj ,ra,rb)

1+log(Ciop(pk,rj))
+
∑

(pk,rj)∈Z

Cii(pk,rj ,ra,rb)

1+log(Ciip(pk,rj))

and U ⊆ R is the set of the predicates pj in the graph
G such that Cd(pj , ra, rb) = 1, V ⊆ R is the set of the
predicates pj in G such that Cd(pj , rb, ra) = 1, W ⊆ R×R
is the set of pairs (pk,rj) such that Cio(pk, rj , ra, rb) = 1,
and Z ⊆ R × R is the set of pairs (pk,rj) such that
Cii(pk, rj , ra, rb) = 1.

When applying the LDSDGNγ measure to ra and rb in the
graph in Figure 2, we have the following.
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Fig. 2. An example of the knowledge graph G

U = {p1}, and V is the empty set. Then, we have
Cdp(p1) = 5 because of the presence of the following
triples ⟨ra, p1, rb⟩, ⟨ra, p1, r4⟩, ⟨rb, p1, r6⟩, ⟨r4, p1, r5⟩, and
⟨r4, p1, r3⟩. W = {(p2, r1)} because Cio(pk, rj , ra, rb) = 1
only when k = 2, and j = 1, whereas Z is the empty set.

Then we have Ciop(p2, r1) = 3 because of the following
three pairs of triples:

(⟨ra, p2, r1⟩, ⟨rb, p2, r1⟩);
(⟨ra, p2, r1⟩, ⟨r2, p2, r1⟩);
(⟨rb, p2, r1⟩, ⟨r2, p2, r1⟩).
According to the results presented in Piao and Breslin
(2016), LDSDGNγ performs better than the LDSDGNα

and LDSDGNβ measures, and this is the measure we have
considered in our experiment.

4. EXPERIMENTAL RESULTS

In line with Formica and Taglino (2021), the measure
addressed in this paper relies on a novel approach for
which the experimentation requires, besides the dataset
composed of a set of pairs of concepts, further pairs of
concepts representing the concept senses. Therefore, in
order to compare the new experimental results with the
ones of the original proposal, the M&C dataset, Miller
and Charles (1991), has been addressed and, for each pair
of concepts of this dataset, all the pairs of concepts of the
same dataset have been considered as possible contexts.

With regard to the methods, the same six informa-
tion content-based approaches discussed in Formica and
Taglino (2021) have been analyzed, that are simR, Resnik
(1995), simL, Lin (1998), simJ&C , Jiang and Conrath
(1997), simP&S , Pirrò (2009), simA, Adhikari et al.
(2018), and simA&M , Adhikari et al. (2016). The simW&P ,
Wu and Palmer (1994), has also been addressed, as rep-
resentative of the edge-counting approach, Rada et al.
(1989).

Consider the M&C dataset, and the same 28 pairs of
concepts belonging to it in order to associate each pair
of the dataset with 28 possible application domains Dk, k
= 1...28, in the following referred to as contexts (therefore

we have 28 × 28 = 784 similarity scores). For instance, for
the pair of concepts (boy, lad), the 28 contexts are:

SD1
(boy) = car

SD1
(lad) = automobile

SD2(boy) = gem

SD2
(lad) = gewel

...

SD28
(boy) = rooster

SD28(lad) = voyage.

As mentioned in Section 2, in general, the intended senses
of concepts are supposed to be estimated by domain
experts, together with the related weight ωk in the given
context Dk. In the experiment presented in Formica and
Taglino (2021), in order to quantify such a weight, which
represents the relevance of a pair of senses with respect
to the pair of contrasted concepts, we used the method
proposed in Schuhmacher and Ponzetto (2014) whereas,
as already mentioned, in this experiment we rely on the
LDSDGNγ measure. In particular, given a pair of concepts
ci, cj and a context Dk, we assume that ωk is defined as
follows:

ωk = (r1 + r2)/2 (6)

where r1 = rel(ci,SDk
(ci)) and r2 = rel(cj ,SDk

(cj)), and
rel is the relatedness degree computed according to the
best strategy presented in Piao and Breslin (2016).

It is important to recall that in order to compute the
28 tables, one for each pair of the M&C dataset, each
table containing 28 possible contexts for that pair, a
disambiguation step has to be performed. In fact, it is well-
known that in Wikipedia, and consequently in DBpedia,
terms are addressed with the possible meanings they have,
i.e., a term is associated with multiple senses due to, for
instance, semantic change or shift, Armaselu et al. (2022),
Montariol et al. (2021). For this reason, in the experiment,
the disambiguation is necessary in order to address senses
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Table 1. Average Spearman’s correlations in the 28 contexts according to the experiment
presented in Formica and Taglino (2021) based on CombIC

concept1, concept2 simR simW&P simL simJ&C simP&S simA simA&M

car, automobile 0.81 0.80 0.84 0.85 0.85 0.84 0.86

gem, jewel 0.80 0.77 0.83 0.82 0.84 0.87 0.87

journey, voyage 0.89 0.87 0.90 0.86 0.92 0.92 0.92

boy, lad 0.85 0.81 0.91 0.85 0.92 0.85 0.85

coast, shore 0.94 0.85 0.93 0.90 0.92 0.93 0.91

asylum, madhouse 0.83 0.89 0.91 0.85 0.93 0.87 0.85

magician, wizard 0.92 0.86 0.89 0.90 0.91 0.87 0.87

midday, noon 0.87 0.89 0.91 0.91 0.92 0.87 0.87

furnace, stove 0.65 0.38 0.63 0.50 0.67 0.66 0.66

food, fruit 0.85 0.58 0.84 0.81 0.89 0.83 0.81

bird, cock 0.84 0.82 0.88 0.82 0.86 0.85 0.84

bird, crane 0.83 0.83 0.88 0.85 0.87 0.86 0.85

tool, implement 0.80 0.78 0.84 0.77 0.84 0.82 0.81

brother, monk 0.82 0.71 0.83 0.83 0.93 0.82 0.81

crane, implement 0.69 0.67 0.73 0.74 0.79 0.73 0.75

lad, brother 0.71 0.68 0.80 0.66 0.69 0.75 0.73

journey, car 0.69 0.58 0.71 0.78 0.77 0.71 0.72

monk, oracle 0.77 0.59 0.65 0.67 0.70 0.76 0.75

food, rooster 0.85 0.64 0.85 0.86 0.89 0.86 0.87

coast, hill 0.62 0.72 0.70 0.69 0.65 0.70 0.71

forest, graveyard 0.81 0.79 0.84 0.84 0.88 0.83 0.83

monk, slave 0.70 0.59 0.62 0.62 0.67 0.63 0.63

coast, forest 0.82 0.78 0.86 0.88 0.92 0.86 0.82

lad, wizard 0.64 0.59 0.64 0.54 0.72 0.59 0.59

chord, smile 0.58 0.76 0.78 0.99 0.99 0.76 0.76

glass, magician 0.85 0.85 0.85 0.91 0.89 0.81 0.77

noon, string 0.92 0.88 0.92 0.94 0.86 0.94 0.93

rooster, voyage 0.79 0.73 0.82 0.86 0.90 0.83 0.82

Avg Correl. 0.79 0.74 0.81 0.80 0.84 0.81 0.80

in line with the HJ evaluation in the M&C experiment.
For instance, crane in Wikipedia has two main senses, that
are bird and machine, therefore when paired for instance
with implement, it is disambiguated by using the sense
machine.

Note that in the experiment, in order to address significant
contexts, the ones associated with weight ωk = 0, for a
given k, or both the values r1, r2 = 0 have been ignored,
and a threshold for HJ equal to 0.5 (on a scale from 0 to
4) has been introduced.

In Table 1, the average correlations for all the 28 pairs
according to Spearman are given, where the relatedness
degrees have been computed by leveraging the semantic re-
latedness measure presented in Schuhmacher and Ponzetto
(2014). In Table 2 the same values have been obtained by
relying on the best semantic relatedness strategy proposed
in Piao and Breslin (2016).

In Table 3 the above average Spearman’s correlations are
compared to the ones obtained according to the following
methods: LDSDcw, Passant (2010), ASRMPa

m, El Vaigh
et al. (2020), WLM, Milne and Witten (2008), ExclM,
Hulpus et al. (2015), and LODOverlap, Zhou et al. (2011).

Before recalling all the mentioned approaches, below an
example is given in order to clarify how the values of the
above tables have been obtained.

Consider the pair of concepts (journey,voyage), the
Resnik’s similarity simR, and the context D5 represented
by the pair (coast,shore), corresponding to the fifth row

of the Table 1 (or Table 2). Therefore, in order to evaluate
Eq. 2, we have:

ci = journey,

cj = voyage,

sim = simR,

SD5(journey) = coast,

SD5
(voyage) = shore.

Now, we focus on the weight ω5 of the context D5,
which represents the relevance of the pair of senses
(coast,shore) with respect to the pair of contrasted con-
cepts (journey,voyage). In Table 1 the CombIC relat-
edness measure presented in Schuhmacher and Ponzetto
(2014) has been used, whereas in Table 2 the values have
been obtained by relying on the LDSDGNγ function
defined in Eq. 5 presented in Piao and Breslin (2016).
Therefore, in Table 2, in order to quantify ω5 in Eq. 6,
we have:

r1 = LDSDGNγ(journey,SD5
(journey)) =

LDSDGNγ(journey,coast))

r2 = LDSDGNγ(voyage,SD5
(voyage)) =

LDSDGNγ(voyage,shore))

As a result, for instance, in Table 2 the value 0.83 in cor-
respondence to the row (journey,voyage) and the column
simR has been obtained by computing the average of the
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Table 2. Average Spearman’s correlations in the 28 contexts according to the new experiment
based on LDSDGNγ

concept1, concept2 simR simW&P simL simJ&C simP&S simA simA&M

car,automobile 0.83 0.82 0.84 0.83 0.88 0.82 0.82

gem,jewel 0.83 0.82 0.84 0.83 0.88 0.82 0.82

journey,voyage 0.83 0.81 0.83 0.82 0.88 0.82 0.82

boy,lad 0.83 0.80 0.83 0.82 0.88 0.82 0.82

coast,shore 0.83 0.80 0.83 0.82 0.88 0.82 0.81

asylum,madhouse 0.83 0.81 0.83 0.82 0.88 0.82 0.82

magician,wizard 0.83 0.81 0.84 0.83 0.88 0.82 0.82

midday,noon 0.83 0.81 0.84 0.83 0.88 0.82 0.82

furnace,stove 0.83 0.77 0.82 0.82 0.88 0.82 0.81

food,fruit 0.80 0.76 0.83 0.82 0.88 0.81 0.81

bird,cock 0.83 0.80 0.83 0.82 0.88 0.82 0.81

bird,crane 0.83 0.79 0.83 0.82 0.88 0.82 0.81

tool,implement 0.83 0.80 0.83 0.82 0.88 0.82 0.81

brother,monk 0.82 0.78 0.81 0.82 0.88 0.82 0.82

crane,implement 0.83 0.79 0.83 0.82 0.88 0.82 0.81

lad,brother 0.82 0.79 0.83 0.82 0.87 0.82 0.81

journey,car 0.78 0.75 0.80 0.82 0.87 0.81 0.80

monk,oracle 0.82 0.77 0.81 0.82 0.87 0.82 0.81

food,rooster 0.79 0.79 0.81 0.82 0.87 0.81 0.80

coast,hill 0.83 0.79 0.83 0.82 0.88 0.82 0.81

forest,graveyard 0.78 0.75 0.80 0.82 0.87 0.81 0.81

monk,slave 0.82 0.79 0.82 0.82 0.88 0.82 0.81

coast,forest 0.80 0.76 0.81 0.82 0.87 0.81 0.81

lad,wizard 0.82 0.79 0.83 0.82 0.87 0.82 0.81

chord,smile 0.83 0.78 0.83 0.82 0.87 0.82 0.82

glass,magician 0.80 0.76 0.81 0.82 0.87 0.82 0.82

noon,string 0.79 0.75 0.80 0.82 0.87 0.81 0.81

rooster,voyage 0.79 0.75 0.80 0.82 0.87 0.81 0.81

Avg Correl. 0.82 0.78 0.82 0.82 0.87 0.82 0.81

Table 3. Averages of the average Spearman’s correlations with different relatedness methods

simR simW&P simL simJ&C simP&S simA simA&M Avg.

CombIC 0.79 0.74 0.81 0.80 0.84 0.81 0.80 0.80

LDSDcw 0.77 0.72 0.80 0.80 0.85 0.81 0.80 0.79

ASRMPa
m 0.78 0.72 0.78 0.77 0.81 0.77 0.76 0.77

WLM 0.74 0.71 0.78 0.80 0.83 0.78 0.76 0.77

ExclM 0.77 0.72 0.77 0.74 0.78 0.73 0.74 0.75

LODOverlap 0.78 0.73 0.80 0.79 0.83 0.80 0.79 0.79

LDSDGNγ 0.82 0.78 0.82 0.82 0.87 0.82 0.81 0.82

related simR (Eq. 2) for all the 28 contexts (pairs) of the
M&C datasets.

In Table 3, the average correlations are shown, in par-
ticular, in the case of CombIC and LDSDGNγ the last
rows of Table 1 and Table 2 are given, respectively. In
addition, the corresponding values obtained by using the
other relatedness measures, namely LDSDcw, ASRMPa

m,
WLM, ExclM, and LODOverlap, are shown.

Below the mentioned relatedness methods are briefly re-
called.

The CombIC method relies on the IC notion, and in
particular focuses on the computation of the ICs of the
predicates and the objects of the triples of the knowledge
graph.

LDSDcw belongs to the LDSD family proposed by
Passant which is at the basis of the above illustrated
LDSDGNγ measure. As mentioned in Subsection 3.1,
the LDSD family does not satisfy the three axioms of
Equal self-distance, Symmetry, and Minimality, and the

LDSDGN measures originate from it in order to meet
these requirements.

According to ASRMPa
m, the key idea is to evaluate all the

directed paths connecting the resources to be compared,
of length equal to m.

The WLM method is inspired by the Normalized Google
Distance measure. It relies on the information gathered
by the nodes that are adjacent to the compared resources
and, in particular, on those with incoming links to them.

ExclM focuses on a given number of undirected paths and,
in particular, it is based on a path weighting function that
allows the selection of the undirected paths between the
compared resources with the greatest weights.

Analogously to WLM, in the case of LODOverlap only
the nodes that are adjacent to the compared resources are
addressed, although the method also considers those with
outgoing links from the compared resources.

According to the experimental results, LDSDGNγ shows
an average increment of the average Spearman’s correla-
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tion with HJ of about 0.02. Hence, the global normaliza-
tion notion on which LDSDGNγ is based, which allows
a path to be considered on the basis of the number of its
occurrences in the whole knowledge graph, provides the
best strategy.

As a result, the combination of the measure presented in
Section 2 with the approach proposed in Piao and Breslin
(2016) provides the best Spearman’s correlation values in
order to evaluate semantic similarity in a taxonomy by
addressing the concept intended senses in a given context.

The data concerning the new experiment are available at
Taglino (2022).

5. RELATED WORK

Evaluating semantic similarity is a fundamental topic in
Computer Science in different application domains, De
Nicola et al. (2023), such as health, Abdelrahman and
Kayed (2015), network security, Weller-Fahy et al. (2015),
and bibliometrics, Avram et al. (2012), just to mention a
few examples. In particular, semantic similarity methods
based on the IC approach have been employed in differ-
ent research areas, such as Natural Language Processing,
Majumder et al. (2016), Semantic Web, Formica et al.
(2013), Meymandpour and Davis (2016), Formal Concept
Analysis, Formica (2019), Wang et al. (2020), Geographi-
cal Information Systems, Formica and Pourabbas (2009),
Formica et al. (2020), Schwering (2008), and e-learning,
Barbagallo and Formica (2017).

The IC approach has shown higher correlation values with
human judgment (HJ) with respect to other proposals
which do not originate from it, Adhikari et al. (2018),
Batet and Sánchez (2020), Chandrasekaran and Mago
(2022), Formica et al. (2013). However, one objection to
the early IC-based measures relies on the use of large-
scale corpora, Adhikari et al. (2018), Banu et al. (2015),
Batet and Sánchez (2020), Jeong et al. (2017), Zhang et al.
(2018). In fact, evaluating the IC on the basis of statistical
information taken from textual corpora requires a huge
amount of manual effort at the level of both design and
maintenance of the corpus. For this reason, in the litera-
ture, an evolution of the IC notion has been extensively
investigated, referred to as intrinsic information content
(IIC), although there is a lack of a statistically significant
difference between the performances of the IIC models and
the corpus-based ones, Lastra-Dı́az and Garćıa-Serrano
(2015). In particular, the IIC is evaluated independently
of textual corpora, and in accordance with the intrinsic
structure of the taxonomy, i.e., on the basis of the number
of hyponyms and/or hypernyms of the concepts (see for
instance Adhikari et al. (2016), Adhikari et al. (2018)).
However, in this paper we do not present a new IC or IIC
computing model, and this proposal is independent of it.
In fact, although the IIC approaches show high accuracy
in the similarity evaluation, they do not involve concept
meaning and, in particular, the related similarity measures
do not address the intended senses of concepts according
to a given application domain.

OntoLex-Lemon, McCrae et al. (2017), allows the mod-
eling and publishing of lexical resources on the Semantic
Web, Khan et al. (2022). In particular, it provides support

for enriching ontologies with linguistic information, by
modeling, for instance, the different meanings a word can
denote. Furthermore, in recent evolutions, Chiarcos et al.
(2022a), Chiarcos et al. (2022b), it is used to organize
contextualized embeddings. However, as in the intention
of the authors, it is a modeling instrument that does not
allow semantic similarity to be computed.

Note that the semantic similarity measure proposed in
Jeong et al. (2017) originates from the need to overcome
the limitations we highlighted in Section 2 in WordNet.
However, the authors propose a solution by associating the
different kinds of relationships (e.g., ISA and PartOf) with
different weights, which is again a proposal independent
of the concept intended senses. We emphasize that in
this paper we limited our attention to semantic similarity
in ISA taxonomies, rather than considering more general
knowledge graphs such as WordNet (and related proposals,
as for instance Al Tarouti and Kalita (2016), and Chiru
et al. (2021)). This is due to the novelty of this approach
that, to our knowledge, has been experimented only with
ISA taxonomies in Formica and Taglino (2021), and in
Formica and Taglino (2023b), and the contribution of this
paper is a further improvement in this direction.

In particular, although in Formica and Taglino (2021)
the Spearman’s correlation has not been explicitly men-
tioned because we focused on the Pearson’s correlation, in
this paper the LDSDGNγ shows the best performances
with respect to the CombIC when considering the Spear-
man’s correlation (see Table 3). Furthermore, with respect
to the work presented in Formica and Taglino (2023b),
we enriched the experimentation by adding the method
LDSDGNγ which outperforms the other approaches (see
Table 6 in the mentioned paper and Table 3 of this work).

The notion of sense has been addressed in Resnik (1999),
where semantic similarity is used to identify and select the
appropriate sense of a concept when it appears in a group
of related terms. However, this paper addresses word sense
disambiguation in the field of computational linguistics,
where semantic similarity is not the objective of the work
but is used in order to associate a noun with the right sense
in a given context. On the contrary, we use the concept
intended senses to improve the computation of semantic
similarity.

6. CONCLUSION AND FUTURE WORK

In this paper, the problem of evaluating the semantic sim-
ilarity of concepts organized according to a taxonomy has
been addressed. In particular, the experiment presented in
Formica and Taglino (2021) has been considered and, in
order to evaluate the relatedness of the generic sense of
a concept with its intended sense, a new experiment has
been performed by relying on the LDSDGNγ measure,
Piao and Breslin (2016), rather than the CombIC relat-
edness measure based on the IC approach presented in
Schuhmacher and Ponzetto (2014). According to the new
experiment, LDSDGNγ shows the best average Spear-
man’s correlation against HJ with respect to the original
proposal of the authors, Formica and Taglino (2021), and
also with respect to the experiment presented in Formica
and Taglino (2023b). To the best of our knowledge, this is
a novel approach that is worth further investigation.



80 Control Engineering and Applied Informatics

For future work, we would like to analyze the use of
the SemSim semantic similarity method, Formica et al.
(2013), in order to support the disambiguation step which
is a fundamental aspect at the basis of both semantic simi-
larity and the more general notion of semantic relatedness.
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