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ThequantiÞcationof lexicalsemanticrelatednesshasmanyapplicationsin NLP, andmanydif-
ferentmeasureshavebeenproposed.WeevaluateÞveofthesemeasures,all ofwhichuseWordNet
astheir centralresource,by comparingtheir performancein detectingandcorrectingreal-word
spellingerrors.An information-contentÐbasedmeasureproposedby JiangandConrathis found
superiorto thoseproposedby Hirst and St-Onge,Leacockand Chodorow, Lin, and Resnik.In
addition,weexplainwhy distributional similarity is not an adequateproxy for lexicalsemantic
relatedness.

1. Introduction

The need to determine semantic relatedness or its inverse, semantic distance, between
two lexically expressedconcepts is a problem that pervades much of natural language
processing.Measuresof relatednessor distance are used in such applications as wor d
sensedisambiguation, determining the structure of texts, text summarization and an-
notation, information extraction and retrieval, automatic indexing, lexical selection,and
the automatic correction of wor d errors in text. ItÕsimportant to note that semantic re-
latedness is a more general concept than similarity ; similar entities are semantically
related by virtue of their similarity (bankÐtrustcompany), but dissimilar entities may
also be semantically related by lexical relationships such as meronymy (carÐwheel) and
antonymy (hotÐcold), or just by any kind of functional relationship or frequent associ-
ation (pencilÐpaper, penguinÐAntarctica,rainÐßood). Computational applications typically
require relatednessrather than just similarity; for example, moneyand river are cues to
the in-context meaning of bankthat are just asgood astrust company.

However , it is frequently unclear how to assessthe relative merits of the many com-
peting approachesthat have been proposed for determining lexical semantic related-
ness.Given a measure of relatedness,how can we tell whether it is a good one or a poor
one? Given two measures, how can we tell whether one is better than the other, and
under what conditions it is better?And what is it that makessomemeasuresbetter than
others? Our purpose in this paper is to compare the performance of a number of mea-
suresof semantic relatednessthat have beenproposed for use in applications in natural
language processingand information retrieval.

1.1Terminology and notation
In the literatur e related to this topic, at least three dif ferent terms are used by dif fer-
ent authors or sometimes interchangeably by the same authors: semantic relatedness,
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similarity , and semantic distance.
Resnik (1995)attempts to demonstrate the distinction between the first two by way

of example. ÒCarsand gasolineÓ,he writes, Òwould seemto bemore closely related than,
say, carsand bicycles, but the latter pair are certainly more similar .ÓSimilarity is thus a
specialcaseof semantic relatedness,and we adopt this perspective in this paper. Among
other relationships that the notion of relatedness encompassesare the various kinds of
meronymy, antonymy, functional association,and other Ònon-classicalrelationsÓ(Mor -
ris and Hirst, 2004).

The term semantic distance may causeeven moreconfusion, asit canbeused when
talking about either just similarity or relatednessin general. Two conceptsare ÒcloseÓto
one another if their similarity or their relatednessis high, and otherwise they are Òdis-
tantÓ.Most of the time, thesetwo usesare consistent with one another, but not always;
antonymous conceptsaredissimilar and hencedistant in one sense,and yet arestrongly
related semantically and henceclosein the other sense.We would thus have very much
preferred to be able to adhere to the view of semantic distance as the inverse of seman-
tic relatedness,not merely of similarity , in the presentpaper. Unfortunately , becauseof
the sheernumber of methods measuring similarity , as well asthose measuring distance
as the ÒoppositeÓof similarity this would have made for an awkwar d presentation.
Therefore, we have to ask the reader to rely on context when interpr eting what exactly
the expressionssemanticdistance,semanticallydistant,and semanticallyclosemean in each
particular case.

Various approachespresentedbelow speak of concepts and words . As a means of
acknowledging the polysemy of language, in this paper the term conceptwill refer to a
particular senseof a given word. We want to be very clear that, throughout this paper,
when we say that two wor ds areÒsimilarÓ,this is a short way of saying that they denote
similar concepts;we are not talking about similarity of distributional or co-occurrence
behavior of the wor ds, for which the term word similarity has also been used (Dagan,
2000;Dagan, Lee, and Pereira, 1999).While similarity of denotation might be inferr ed
from similarity of distributional or co-occurrencebehavior (Dagan, 2000;Weeds,2003),
the two are distinct ideas.We return to the relationship between them in section 6.2.

When we refer to hierarchiesand networks of concepts,we will use both the terms
link and edge to refer to the relationships between nodes; we prefer the former term
when our view emphasizes the taxonomic aspect or the meaning of the network, and
the latter when our view emphasizesalgorithmic or graph-theoretic aspects.In running
text, examplesof conceptsare typeset in sans-seriffont, whereasexamplesof wor ds are
given in italics; in formulas, concepts and wor ds will usually be denoted by and ,
with various subscripts. For the sake of uniformity of presentation, we have taken the
liberty of altering the original notation accordingly in some other authorsÕformulas.

2. Lexical resourceÐbasedapproaches to measuring semantic relatedness

All approachesto measuring semantic relatednessthat use a lexical resource construe
the resource, in one way or another, as a network or dir ected graph, and then basethe
measure of relatednesson properties of paths in this graph.

2.1Dictionary-based approaches
Kozima and Furugori (1993) turned the LongmanDictionary of ContemporaryEnglish
(LDOCE) (Procter, 1978)into a network by creating a node for every headword and link-
ing eachnode to the nodes for all the wor ds used in its definition. The 2851-word con-
trolled defining vocabulary of LDOCE thus becomesthe densest part of the network:
the remaining nodes, which represent the headwords outside of the defining vocabu-
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lary, can be pictur ed as being situated at the fringe of the network, as they are linked
only to defining-vocabulary nodes and not to each other. In this network, the similar -
ity function simKF between wor ds of the defining vocabulary is computed by means of
spreading activation on this network. The function is extended to the rest of LDOCE by
representing eachwor d as a list of the wor ds in its definition; thus,
for instance,

simKF linguistics stylistics

simKF the,study, of, language,in, general,and,of,particular,

languages,and,their, structure,and,grammar, and,history

the,study, of,style,in, written, or, spoken,language

Kozima and Ito (1997)built on this work to derive a context-sensitive , or dynamic ,
measure that takes into account the Ôassociativedir ectionÕof a given wor d pair. For
example, the context car, bus imposes the associativedir ection of vehicle (closewor ds
are then likely to include taxi, railway, airplane, etc.), whereas the context car, engine
imposes the dir ection of components of car (tir e,seat,headlight, etc.).

2.2Approaches based on Roget-structured thesauri
Roget-structured thesauri, such as RogetÕs Thesaurusitself, the Macquarie Thesaurus
(Bernard, 1986),and others, group wor ds in a structure based on categories within
which thereareseveral levels of finer clustering. The categoriesthemselvesaregrouped
into a number of broad, loosely defined classes.However , while the classesand cate-
gories arenamed, the finer divisions arenot; the wor ds areclustered without attempting
to explicitly indicate how and why they are related. The userÕsmain accessis through
the index , which contains category numbers along with labels representative of those
categoriesfor eachwor d. Polysemesare implicitly disambiguated, to acertain extent, by
the other wor ds in their cluster and in their index entry. Closely related conceptsmight
or might not be physically close in the thesaurus: ÒPhysicalclosenesshas some impor -
tance. . . but wor ds in the index of the thesaurus often have widely scattered categories,
and eachcategory often points to a widely scattered selection of categoriesÓ(Morris and
Hirst, 1991).Methods of semantic distance that are basedon Roget-structured thesauri
therefore rely not only on the category structure but also on the index and on the point-
ers within categories that cross-referenceother categories. In part as a consequenceof
this, typically no numerical value for semantic distance can be obtained: rather, algo-
rithms using the thesaurus compute a distance implicitly and return a boolean value of
ÔcloseÕor ÔnotcloseÕ.

Working with an abridged version of RogetÕs Thesaurus, Morris and Hirst (1991)
identi fied five types of semantic relations between wor ds. In their approach,two wor ds
were deemed to be related to one another, or semantically close,if their baseforms sat-
isfy any one of the following conditions:

1. they have a category in common in their index entries;

2. one hasa category in its index entry that contains a pointer to a category of the
other;

3. one is either a label in the otherÕsindex entry or is in a category of the other;

4. they are both contained in the samesubcategory;

5. they both have categoriesin their index entries that point to a common
category.
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Theserelations account for such pairings as wife and married, carand driving, blind and
see, reality and theoretically, brutal and terriÞed. (However , dif ferent editions of RogetÕs
Thesaurusyield somewhat dif ferent setsof relations.) Of the five types of relations, per-
haps the most intuitively plausible onesÑ the first two in the list above Ñ were found
to validate over 90% of the intuitive lexical relationships that the authors used as a
benchmark in their experiments.

Jarmaszand Szpakowicz (2003)also implemented a similarity measurewith RogetÕs
Thesaurus; but becausethis measure is basedstrictly on hierachy rather than the index
structure,we discuss it in section 2.4below.

2.3Approaches using WordNet and other semantic networks
Most of the methods discussed in the remainder of section 2 use WordNet (Fellbaum,
1998),a broad coveragelexical network of English wor ds. Nouns, verbs, adjectives,and
adverbs areeachorganized into networks of synonym sets(synsets) that eachrepresent
one underlying lexical concept and are interlinked with a variety of relations. (A pol-
ysemous wor d will appear in one synset for eachof its senses.)In the first versions of
WordNet (those numbered 1.x), the networks for the four dif ferent parts of speechwere
not linked to one another. The noun network of WordNet was the first to be richly
developed, and most of the researchers whose work we will discuss below therefore
limited themselves to this network.

The backbone of the noun network is the subsumption hierarchy (hy-
ponymy/hypernymy ), which accountsfor closeto 80%of the relations. At the top of the
hierarchy are11 abstractconcepts,termed unique beginners , such asentity (Ôsomething
having concrete existence;living or nonlivingÕ) and psychological feature (Ôafeature of
the mental life of a living organismÕ).The maximum depth of the noun hierarchy is 16
nodes. The nine types of relations defined on the noun subnetwork, in addition to the
synonymy relation that is implicit in eachnode are:hyponymy (IS-A) relation, and its in-
verse,hypernymy; six meronymic (PA RT-OF) relations Ñ COM PON EN T-OF, M EM BER-OF

and SUBSTA N CE-OF and their inverses; and antonymy, the COM PLEM EN T-OF relation.
In discussing WordNet, we use the following definitions and notation:

The length of the shortest path in WordNet from synset to synset
(measured in edgesor nodes) is denoted by . We stipulate a global
root rootabove the 11 unique beginners to ensure the existenceof a path
between any two nodes.

The depth of a node is the length of the path to it from the global root, i.e.,
root .

We write for the lowest super-ordinate (or most specific common
subsumer) of and .

Given any formula rel for semantic relatednessbetween two concepts
and , the relatednessrel between two wor ds and can be

1 We began this work with WordNet 1.5,and stayed with this version despite newer releasesin order to
maintain strict comparability . Our experiments were complete before WordNet 2.0was released.

2 It seemsto have beentacitly assumedby theseresearchers that results would generalize to the network
hierarchies of other parts of speech.Nonetheless,Resnik and Diab (2000)caution that the properties of
verbs and nouns might be dif ferent enough that they should be treatedasseparateproblems, and recent
research by Banerjeeand Pedersen(2003)supports this assumption: they found that in wor d-sense
disambiguation task, their gloss-overlap measure of semantic relatedness(seesection 6.1below)
performed far worse on verbs (and slightly worse on adjectives) than it did on nouns.
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calculated as
rel rel (1)

where is Òtheset of conceptsin the taxonomy that are sensesof wor d Ó
(Resnik, 1995).That is, the relatednessof two wor ds is equal to that of the
most-related pair of conceptsthat they denote.

2.4Computing taxonomic path length
A simple way to compute semantic relatednessin a taxonomy such as WordNet is to
view it as a graph and identify relatedness with path length between the concepts:
ÒTheshorter the path from one node to another, the more similar they areÓ(Resnik,
1995).This approachwas taken, for example, by Radaand colleagues(Radaet al., 1989;
Rada and Bicknell, 1989),not on WordNet but on MeSH (Medical Subject Headings),
a semantic hierarchy of terms used for indexing articles in the bibliographic retrieval
system Medline. The networkÕs15,000terms form a nine-level hierarchy based on the
BROA DER-TH A N relationship. The principal assumption of Rada and colleagues was
that Òthenumber of edgesbetween terms in the MeSH hierarchy is a measure of con-
ceptual distance between termsÓ.Despite the simplicity of this distance function, the
authors were able to obtain surprisingly good results in their information retrieval task.
In part, their successcan be explained by the observation of (1993)that while Òin the
context of . . . semantic networks, shortest path lengths between two concepts are not
sufficient to represent conceptual distance between those concepts . . . when the paths
are restricted to IS-A links, the shortest path length does measure conceptual distance.Ó
Another component of their successis certainly the specificity of the domain, which
ensures relative homogeneity of the hierarchy. Notwithstanding these qualifications,
Jarmaszand Szpakowicz (2003)also achieved good results with RogetÕs Thesaurusby
ignoring the index and treating the thesaurus as a simple hierarchy of clusters. They
computed semantic similarity between two wor ds as the length of the shortest path
between them. The wor ds were not explicitly disambiguated.

Hirst and St-Onge (1998;St-Onge 1995)adapted Morris and HirstÕs(1991)seman-
tic distance algorithm from RogetÕs Thesaurusto WordNet. They distinguished two
strengths of semantic relations in WordNet. Two wor ds are strongly related if one of
the following holds:

1. They have a synset in common (for example, humanand person);

2. They are associatedwith two dif ferent synsetsthat are connectedby the
antonymy relation (for example, precursorand successor);

3. One of the wor ds is a compound (or a phrase) that includes the other and
Òthere is any kind of link at all between a synset associatedwith eachwor dÓ
(for example, schooland privateschool).

Two wor ds are said to be in a medium-strong , or regular , relation if there exists an
allowable path connecting a synset associatedwith eachwor d (for example, carrot and
apple). A path is allowable if it contains no more than five links and conforms to one

3 The original ideas and definitions of (1998)(including those for the dir ection of links Ñ seebelow) were
intended to apply to all parts of speechand the entire range of relations featured in the WordNet
ontology (which include cause,pertinence,alsosee, etc.).Like other researchers,however, they had to resort
to the noun subnetwork only. In what follows, therefore,we will useappropriately restricted versions of
their notions.
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of eight patterns, the intuition behind which is that Òthelonger the path and the more
changesof dir ection, the lower the weightÓ. The details of the patterns are outside of
the scopeof this paper; all we need to know for the purposes of subsequent discussion
is that an allowable path may include more than one link and that the dir ections of
links on the samepath may vary (among upward(hypernymyand meronymy), downward
(hyponymyand holonymy) and horizontal(antonymy)). Hirst and St-OngeÕsapproachmay
thus be summarized by the following formula for two WordNet concepts :

relHS (2)

where and are constants (in practice, they used and ), and
is the number of times the path between and changesdir ection.

2.5Scaling the network
Despite its apparent simplicity , a widely acknowledged problem with the edge-
counting approach is that it typically Òrelies on the notion that links in the taxonomy
represent uniform distancesÓ,which is typically not true: Òthere is a wide variability
in the ÔdistanceÕcovered by a single taxonomic link, particularly when certain sub-
taxonomies (e.g.,biological categories)aremuch denser than othersÓ(Resnik, 1995).For
instance, in WordNet, the link rabbit ears IS-A television antenna covers an intuitively
narrow distance, whereaswhite elephant IS-A possession covers an intuitively wide
one. The approachesdiscussed below are attempts undertaken by various researchers
to overcome this problem.

2.5.1SussnaÕsdepth-relative scaling. SussnaÕs(1993;1997)approachto scaling is based
on his observation that sibling-concepts deep in a taxonomy appear to be more closely
related to one another than those higher up. His method construes each edge in the
WordNet noun network as consisting of two dir ected edgesrepresenting inverse rela-
tions. Each relation has a weight or a range of weights associatedwith
it: for example, hypernymy, hyponymy, holonymy, and meronymy have weights between

and . The weight of eachedge of type from some node is re-
duced by a factor that depends on the number of edges, , of the sametype leaving

:

(3)

The distance between two adjacent nodes and is then the average of the weights
on eachdir ection of the edge,scaledby the depth of the nodes:

distS (4)

where is the relation that holds between and and is its inverse (i.e., the rela-
tion that holds between and ). Finally, the semantic distance between two arbitrary
nodes and is the sum of the distances between the pairs of adjacent nodes along
the shortest path connecting them.

2.5.2Wu and PalmerÕs Conceptual Similarity . In a paper on translating English verbs
into Mandarin Chinese,Wu and Palmer (1994)intr oduce a scaledmetric for what they

4 SussnaÕsexperiments proved the precisedetails of the weighting schemeto be material only in
fine-tuning the performance.
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call conceptual similarity between a pair of concepts and in a hierarchy as

simWP
lso

lso lso lso
(5)

Note that lso is the ÔglobalÕdepth in the hierarchy; its role as a scaling
factor can be seenmore clearly, if we recastequation 5 from similarity into distance:

distWP simWP
lso lso

lso lso lso
(6)

2.5.3 Leacock and ChodorowÕs Normalized Path Length. Leacock and Chodorow
(1998)proposed the following formula for computing the scaled semantic similarity
between concepts and in WordNet:

simLC (7)

Here, the denominator includes the maximum depth of the hierarchy.

2.6Information-based and integrated approaches
Like the methods in the preceding subsection, the final group of approachesthat we
presentattempt to counter problems inherent in a general ontology by incorporating an
additional, and qualitatively dif ferent, knowledge source, namely information from a
corpus.

2.6.1ResnikÕs information-based approach. The key idea underlying ResnikÕs(1995)
approach is the intuition that one criterion of similarity between two concepts is Òthe
extent to which they share information in commonÓ,which in an IS-A taxonomy can
be determined by inspecting the relative position of the most-specific concept that sub-
sumesthem both. This intuition seemsto be indir ectly captured by edge-counting meth-
ods (such asthat of Radaand colleagues;section 2.4above), in that Òifthe minimal path
of IS-A links between two nodes is long, that means it is necessaryto go high in the
taxonomy, to more abstractconcepts,in order to find a leastupper boundÓ.An example
given by Resnik is the dif ferencein the relative positions of the most-specific subsumer
of nickel and dime Ñ coin Ñ and that of nickel and credit card Ñ medium of exchange,
asseenin Figure 1.

In mathematical terms, for any concept in the taxonomy, let be the proba-
bility of encountering an instance of concept . Following the standard definition from
information theory, the information content of , , is then . Thus, we can
define the semantic similarity of a pair of concepts and , as

simR lso (8)

Notice that is monotonic as one moves up the taxonomy: if IS-A then
. For example, whenever we encounter a nickel, we have encountered a coin (Fig-

ure 1), so nickel coin . As a consequence,the higher the position of the most
specific subsumer for given two concepts in the taxonomy (i.e.,the more abstract it is),
the lower their similarity . In particular , if the taxonomy hasa unique top node, its prob-
ability will be 1, so if the most specific subsumer of a pair of concepts is the top node,
their similarity will be , as desired.
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cash

coin

money

medium of exchange

credit

credit cardnickel dime
Figure 1
Fragment of the WordNet taxonomy, showing most-specific subsumersof nickel and dime and of
nickel and credit card. Solid lines represent IS-A links; dashed lines indicate that some
intervening nodes have beenomitted. Adapted from (1995).

In ResnikÕsexperiments, the probabilities of concepts in the taxonomy were esti-
mated from noun frequencies gathered from the one-million-wor d Brown Corpus of
American English (Francis and Kučera, 1982).The key characteristic of his counting
method is that an individual occurrenceof any noun in the corpus Òwascounted asan
occurrence of each taxonomic class containing itÓ. For example, an occurrence of the
noun nickelwas, in accordance with Figure 1, counted towar ds the frequency of nickel,
coin, and so forth. Notice that, asa consequenceof using raw (non-disambiguated) data,
encountering a polysemous wor d contributes to the counts of all its senses.Soin caseof
nickel, the counts of both the coin and the metal senseswill be increased.Formally,

count
(9)

where is the set of wor ds (nouns) in the corpus whose sensesare subsumed by
concept , and is the total number of wor d (noun) tokens in the corpus that are also
present in WordNet.

Thus ResnikÕsapproachattempts to deal with the problem of varying link distances
(seesection 2.5) by generally downplaying the role of network edges in the determi-
nation of the degree of semantic proximity: edges are used solely for locating super-
ordinates of a pair of concepts;in particular , the number of links does not figure in any
of the formulas pertaining to the method; and numerical evidence comes from corpus
statistics, which are associatedwith nodes. This rather selective use of the structure of
the taxonomy has its drawbacks, one of which is the indistinguishability , in terms of se-
mantic distance, of any two pairs of conceptshaving the samemost-specific subsumer.
For example, in Figure 1, we find that simR money credit simR dime credit card ,
becausein eachcasethe lsois medium of exchange, whereas,for an edge-basedmethod
such asLeacockand ChodorowÕs(section 2.5.3),clearly this is not so, as the number of
edgesin eachcaseis dif ferent.

2.6.2 Jiang and ConrathÕs combined approach. Reacting to the disadvantages of
ResnikÕsmethod, Jiang and ConrathÕs(1997) idea was to synthesize edge- and node-
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basedtechniques by restoring network edgesto their dominant role in similarity com-
putations, and using corpus statistics as a secondary, corrective factor. A complete ex-
egesisof their work is presentedby Budanitsky (1999);here we summarize only their
conclusions.

In the framework of the IS-A hierarchy, Jiang and Conrath postulated that the se-
mantic distance of the link connecting a child-concept to its parent-concept par is
proportional to the conditional probability par of encountering an instance of
given an instance of par . Mor e specifically,

distJC par par (10)

By definition,

par
par

par
(11)

If we adopt ResnikÕsschemefor assigning probabilities to concepts(section 2.6.1),then
par , since any instance of a child is automatically an instance of its par-

ent. Then,

par
par

(12)

and, recalling the definition of information content,

distJC par par (13)

Given this asthe measureof semantic distance from a node to its immediate parent,
the semantic distance between an arbitrary pair of nodes was taken, as per common
practice, to be the sum of the distancesalong the shortest path that connectsthe nodes:

distJC

Path lso

distJC par (14)

where Path is the set of all the nodes in the shortest path from to . The node
lso is removed from Path in (14)), becauseit has no parent in the set. Ex-
panding the sum in the right-hand side of equation 14, plugging in the expression for
parentÐchild distance from equation 13,and performing necessaryeliminations results
in the following final formula for the semantic distance between concepts and :

distJC lso (15)

lso (16)

2.6.3LinÕs universal similarity measure. Noticing that all of the similarity measures
known to him were tied to a particular application, domain, or resource, Lin (1998b)
attempted to define a measure of similarity that would be both universal (applicable
to arbitrary objects and Ònotpresuming any form of knowledge representationÓ)and
theoretically justified (Òderived from a set of assumptionsÓ,instead of Òdirectly by a
formulaÓ, so that Òif the assumptions are deemed reasonable,the similarity measure
necessarily followsÓ). He used the following threeintuitions asa basis:

1. The similarity between arbitrary objects and is related to their
commonality; the more commonality they share, the more similar they are.

2. The similarity between and is related to the dif ferencesbetween them; the
more dif ferencesthey have, the lesssimilar they are.

9
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3. The maximum similarity between and is reachedwhen and are
identical, no matter how much commonality they share.

Lin defined the commonality between and as the information content of Òthe
proposition that statesthe commonalitiesÓbetween them, formally

comm (17)

and the dif ference between and as

descr comm (18)

where descr is a proposition describing what and are.
Given theseassumptions and definitions and the apparatus of information theory,

Lin proved the following:

Similarity Theorem: The similarity between and is measured by the ratio
between the amount of information needed to state their commonality and the
information needed to fully describewhat they are:

simL
comm
descr

(19)

His measure of similarity between two conceptsin a taxonomy is a corollary of this
theorem:

simL
lso

(20)

where the probabilities are determined in a manner analogous to ResnikÕs
(equation 9).

3. Evaluation methods

How can we reasonabout and evaluate computational measures of semantic related-
ness?Threekinds of approachesare prevalent in the literatur e.

The first kind (Wei, 1993;Lin, 1998b)is a (chiefly) theoretical examination of a pro-
posed measure for those mathematical properties thought desirable, such as whether
it is a metric (or the inverse of a metric), whether it has singularities, whether its
parameter-projections are smooth functions, and so on. In our opinion, such analyses
act at best as a coarsefilter in the comparison of a set of measuresand an even coarser
one in the assessmentof a single measure.

The second kind of evaluation is comparison with human judgments. Insofar as
human judgments of similarity and relatednessare deemed to be correct by definition,
this clearly gives the bestassessmentof the ÔgoodnessÕof a measure. Its main drawback
lies in the difficulty of obtaining a large set of reliable, subject-independent judgments
for comparison Ñ designing apsycholinguistic experiment, validating its results,and so
on. (In section 4.1below, we will employ the rather limited data that such experiments
have obtained to date.)

The thir d approach is to evaluate the measures with respect to their performance
in the framework of a particular application. If some particular NLP system requiresa
measure of semantic relatedness,we can compare dif ferent measures by seeing which
one the system is most effective with, while holding all other aspectsof the system
constant.
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In the remainder of this paper, wewill usethe secondand the thir d methods to com-
pare several dif ferent measures (sections 4 and 5 respectively). We focus on measures
that use WordNet (Fellbaum, 1998)as their knowledge source (to keep that as a con-
stant) and that permit straightforwar d implementation as functions in a programming
language. Therefore, we select the following five measures: Hirst and St-OngeÕs(sec-
tion 2.4), Jiang and ConrathÕs(section 2.6.2),Leacock and ChodorowÕs(section 2.5.3),
LinÕs(section 2.6.3),ResnikÕs(section 2.6.1). The first is claimed as a measure of se-
mantic relatednessbecauseit usesall noun relations in WordNet; the others are claimed
only asmeasuresof similarity becausethey useonly the hyponymy relation. We imple-
mented eachmeasure,and used the Brown Corpus asthe basisfor the frequency counts
needed in the information-based approaches.

4. Comparison with human ratings of semantic relatedness

In this section we compare the five chosen measures by how well they reflect human
judgments of semantic relatedness. In addition, we will use the data that we obtain
in this section to set closenessthresholds for the application-based evaluation of each
measure in section 5.

4.1Data
As a part of an investigation into Òtherelationship between similarity of context and
similarity of meaning (synonymy)Ó,Rubenstein and Goodenough (1965)obtained Òsyn-
onymy judgementsÓfrom 51 human subjects on 65 pairs of wor ds. The pairs ranged
from Òhighly synonymousÓ to ÒsemanticallyunrelatedÓ,and the subjects were asked
to rate them, on the scaleof 0.0 to 4.0,according to their Òsimilarity of meaningÓ(see
Table 1, columns 2 and 3). For a similar study, Miller and Charles (1991)chose30 pairs
from the original 65, taking 10 from the Òhigh level (between 3 and 4. . . ), 10 from the
intermediate level (between 1 and 3), and 10 from the low level (0 to 1) of semantic
similarityÓ, and then obtained similarity judgements from 38 subjects,given the same
instructions asabove,on those 30pairs (seeTable 2, columns 2 and 3).

4.2Method
For eachof our five implemented measures,we obtained similarity or relatednessscores
for the human-rated pairs. Where either or both of the wor ds had more than one synset
in WordNet, we took the most-related pair of synsets.For the measuresof Resnik, Jiang
and Conrath, and Lin, this replicatesand extendsa study by eachof the original authors
of their own measure.

5 We also attempted to implement SussnaÕs(1993;1997)measure (section 2.5.1),but ran into problems
becausea key element depended closely on the particulars of an earlier version of WordNet; see
(Budanitsky, 1999)for details. We did not include Wu and PalmerÕsmeasure (section 2.5.2)becauseLin
(1998b)hasshown it to be a special caseof his measure in which all childÐparent probabilities are equal.

6 In their original experiments, Lin and Jiangand Conrath used SemCor, a sense-taggedsubsetof the
Brown Corpus, as their empirical data; but we decided to follow Resnik in using the full and untagged
corpus. While this meanstrading accuracy for size,we believe that using a non-disambiguated corpus
constitutes a more-generalapproach,as the availability and size of disambiguated texts such asSemCor
is highly limited.

7 As a result of a typographical error that occurred in the course of either Miller and CharlesÕsactual
experiments or in its publication, the RubensteinÐGoodenoughpair cordÐsmilebecamechordÐsmile.
Probably becauseof the comparable degreeof (dis)similarity , the error was not discovered and the latter
pair hasbeenused in all subsequentwork.
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4.3Results
The meanratings from Rubenstein and GoodenoughÕsand Miller and CharlesÕsoriginal
experiments (labeled ÔHumansÕ)and the ratings of the RubensteinÐGoodenoughand
Miller ÐCharleswor d pairs produced by (our implementations of) the HirstÐSt-Onge,
JiangÐConrath,LeacockÐChodorow, Lin, and Resnik measuresof relatednessare given
in Tables1 and 2, and in Figures2 and 3.

4.4Discussion
When comparing two setsof ratings, we are interestedin the strength of the linear asso-
ciation between two quantitative variables, so we follow Resnik (1995)in summarizing
the comparison results by meansof the coefficient of correlation of eachcomputational
measure with the human ratings; seeTable 3. (For Jiangand ConrathÕsmeasure, the co-
efficients are negative becausetheir measure returns distance rather than similarity; so
for convenience,we show absolute values in the table.)

4.4.1Comparison to upper bound. To get an idea of the upper bound on performance
of a computational measure, we can again refer to human performance. We have such
an upper bound for the Miller and Charles wor d pairs (but not for the complete set of
Rubenstein and Goodenough pairs): (1995)replicated Miller and CharlesÕsexperiment
with 10 subjectsand found that the average correlation with the Miller ÐCharlesmean
ratings over his subjectswas 0.8848.While the dif ferencebetween the (absolute) values
of the highest and lowest correlation coefficients in the ÒM&CÓcolumn of Table 3 is of
the order of 0.1,all of the coefficients compare quite favorably with this estimate of the
upper bound; furthermor e,the dif ferencediminishes almost twofold aswe consider the
larger RubensteinÐGoodenoughdataset (column ÒR&GÓof Table 3). In fact, the mea-
suresare divided in their reaction to increasing the size of the dataset: the correlations
of relHS, simLC, and simR impr ove but those of distJC and simL deteriorate. This divi-
sion might not be arbitrary: the last two depend on the samethreequantities, ,

, and (seeequations 16and 20).(In fact, the coefficient for simR,
which depends on only one of the three quantities, , impr oves only in
the thir d digit.) However , with the presentpaucity of evidence, this connection remains
hypothetical.

4.4.2Dif ferences in the performance and behavior of the measures. We now examine
the results of eachof the measuresand the dif ferencesbetween them. To do this, we will
sometimes look at dif ferencesin their behavior on individual wor d pairs.

Looking at the graphs in Figures 2 and 3, we see that the discrete nature of the

8 We have kept the original orderings of the pairs: from dissimilar to similar for the
RubensteinÐGoodenoughdata and from similar to dissimilar for Miller ÐCharles.This explains why the
two groups of graphs (Figures2 and 3) aswholes have the opposite dir ections. Notice that becausedistJC
measuresdistance, the JiangÐConrathplot has a slope opposite to the restof eachgroup.

9 Resnik (1995),Jiangand Conrath (1997),and Lin (1998b)report the coefficients of correlation between
their measuresand the Miller ÐCharlesratings to be 0.7911, 0.8282,and 0.8339,respectively, which dif fer
slightly from the corresponding figuresin Table 3. Thesediscrepanciescan be explained by possible
minor dif ferencesin implementation (e.g.,the compound-wor d recognition mechanism used in collecting
the frequency data), dif ferencesbetween the versions of WordNet used in the experiments (Resnik), and
dif ferencesin the corpora used to obtain the frequency data (Jiangand Conrath, Lin). Also, the
coefficients reported by Resnik and Lin are actually basedon only 28 out of the 30 Miller ÐCharlespairs
becauseof a noun missing from an earlier version of WordNet. Jarmaszand Szpakowicz (2003)repeated
the experiment, obtaining similar results to ours in somecasesand markedly dif ferent results in others; in
their experiment, the correlations obtained with their measure that usesthe hierarchy of RogetÕs Thesaurus
exceededthose of all the WordNet measures.

10 None of the dif ferencesin either column are statistically significant at the .05level.
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Table 1
Human and computer ratings of the RubensteinÐGoodenoughsetof wor d pairs (part 1 of 2).

# Pair Humans relHS distJC simLC simL simR

1 cord smile 0.02 0 19.6 1.38 0.09 1.17
2 rooster voyage 0.04 0 26.9 0.91 0.00 0.00
3 noon string 0.04 0 22.6 1.50 0.00 0.00
4 fruit furnace 0.05 0 18.5 2.28 0.14 1.85
5 autograph shore 0.06 0 22.7 1.38 0.00 0.00
6 automobile wizar d 0.11 0 17.8 1.50 0.09 0.97
7 mound stove 0.14 0 17.2 2.28 0.22 2.90
8 grin implement 0.18 0 16.6 1.28 0.00 0.00
9 asylum fruit 0.19 0 19.5 2.28 0.14 1.85

10 asylum monk 0.39 0 25.6 1.62 0.07 0.97
11 graveyard madhouse 0.42 0 29.7 1.18 0.00 0.00
12 glass magician 0.44 0 22.8 1.91 0.07 0.97
13 boy rooster 0.44 0 17.8 1.50 0.21 2.38
14 cushion jewel 0.45 0 22.9 2.28 0.13 1.85
15 monk slave 0.57 94 18.9 2.76 0.21 2.53
16 asylum cemetery 0.79 0 28.1 1.50 0.00 0.00
17 coast forest 0.85 0 20.2 2.28 0.12 1.50
18 grin lad 0.88 0 20.8 1.28 0.00 0.00
19 shore woodland 0.90 93 19.3 2.50 0.13 1.50
20 monk oracle 0.91 0 22.7 2.08 0.18 2.53
21 boy sage 0.96 93 19.9 2.50 0.20 2.53
22 automobile cushion 0.97 98 15.0 2.08 0.27 2.90
23 mound shore 0.97 91 12.4 2.76 0.49 6.19
24 lad wizar d 0.99 94 16.5 2.76 0.23 2.53
25 forest graveyard 1.00 0 24.5 1.76 0.00 0.00
26 food rooster 1.09 0 17.4 1.38 0.10 0.97
27 cemetery woodland 1.18 0 25.0 1.76 0.00 0.00
28 shore voyage 1.22 0 23.7 1.38 0.00 0.00
29 bird woodland 1.24 0 18.1 2.08 0.13 1.50
30 coast hill 1.26 94 10.8 2.76 0.53 6.19
31 furnace implement 1.37 93 15.8 2.50 0.18 1.85
32 crane rooster 1.41 0 12.8 2.08 0.58 8.88
33 hill woodland 1.48 93 18.2 2.50 0.14 1.50
34 car journey 1.55 0 16.3 1.28 0.00 0.00
35 cemetery mound 1.69 0 23.8 1.91 0.00 0.00
36 glass jewel 1.78 0 22.0 2.08 0.14 1.85
37 magician oracle 1.82 98 1.0 3.50 0.96 13.58
38 crane implement 2.37 94 15.6 2.76 0.27 2.90
39 brother lad 2.41 94 16.3 2.76 0.23 2.53
40 sage wizar d 2.46 93 22.8 2.50 0.18 2.53
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Table 1
Human and computer ratings of the RubensteinÐGoodenoughsetof wor d pairs (part 2 of 2).

# Pair Humans relHS distJC simLC simL simR

41 oracle sage 2.61 0 26.2 2.08 0.16 2.53
42 bird crane 2.63 97 7.4 3.08 0.70 8.88
43 bird cock 2.63 150 5.4 4.08 0.76 8.88
44 food fruit 2.69 0 10.2 2.28 0.22 1.50
45 brother monk 2.74 93 19.2 2.50 0.20 2.53
46 asylum madhouse 3.04 150 0.2 4.08 0.99 15.70
47 furnace stove 3.11 0 20.5 2.08 0.13 1.85
48 magician wizar d 3.21 200 0.00 5.08 1.00 13.58
49 hill mound 3.29 200 0.00 5.08 1.00 12.08
50 cord string 3.41 150 2.2 4.08 0.89 9.25
51 glass tumbler 3.45 150 5.9 4.08 0.79 11.34
52 grin smile 3.46 200 0.0 5.08 1.00 10.41
53 serf slave 3.46 0 19.8 2.28 0.34 5.28
54 journey voyage 3.58 150 5.2 4.08 0.74 7.71
55 autograph signature 3.59 150 2.4 4.08 0.92 14.29
56 coast shore 3.60 150 0.8 4.08 0.96 11.12
57 forest woodland 3.65 200 0.0 5.08 1.00 11.23
58 implement tool 3.66 150 1.1 4.08 0.91 6.20
59 cock rooster 3.68 200 0.0 5.08 1.00 14.29
60 boy lad 3.82 150 5.3 4.08 0.72 8.29
61 cushion pillow 3.84 150 0.7 4.08 0.97 13.58
62 cemetery graveyard 3.88 200 0.0 5.08 1.00 13.76
63 automobile car 3.92 200 0.0 5.08 1.00 8.62
64 midday noon 3.94 200 0.0 5.08 1.00 15.96
65 gem jewel 3.94 200 0.0 5.08 1.00 14.38
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Table 2
Human and computer ratings of the Miller ÐCharlesset of wor d pairs.

# Pair Humans relHS distJC simLC simL simR

1 car automobile 3.92 200 0.0 5.08 1.00 8.62
2 gem jewel 3.84 200 0.0 5.08 1.00 14.38
3 journey voyage 3.84 150 5.2 4.08 0.74 7.71
4 boy lad 3.76 150 5.3 4.08 0.72 8.29
5 coast shore 3.70 150 0.9 4.08 0.96 11.12
6 asylum madhouse 3.61 150 0.2 4.08 0.99 15.70
7 magician wizar d 3.50 200 0.0 5.08 1.00 13.58
8 midday noon 3.42 200 0.0 5.08 1.00 15.96
9 furnace stove 3.11 0 20.5 2.08 0.13 1.85

10 food fruit 3.08 0 10.2 2.28 0.22 1.50
11 bird cock 3.05 150 5.4 4.08 0.76 8.88
12 bird crane 2.97 97 7.4 3.08 0.70 8.88
13 tool implement 2.95 150 1.1 4.08 0.91 6.20
14 brother monk 2.82 93 19.2 2.50 0.20 2.53
15 lad brother 1.66 94 16.3 2.76 0.23 2.53
16 crane implement 1.68 94 15.7 2.76 0.27 2.90
17 journey car 1.16 0 16.3 1.28 0.00 0.00
18 monk oracle 1.10 0 22.7 2.08 0.18 2.53
19 cemetery woodland 0.95 0 25.0 1.76 0.00 0.00
20 food rooster 0.89 0 17.4 1.38 0.10 0.97
21 coast hill 0.87 94 10.9 2.76 0.53 6.19
22 forest graveyard 0.84 0 24.6 1.76 0.00 0.00
23 shore woodland 0.63 93 19.3 2.50 0.13 1.50
24 monk slave 0.55 94 18.9 2.76 0.21 2.53
25 coast forest 0.42 0 20.2 2.28 0.12 1.50
26 lad wizar d 0.42 94 16.5 2.76 0.23 2.53
27 chord smile 0.13 0 20.2 1.62 0.18 2.23
28 glass magician 0.11 0 22.8 1.91 0.07 0.97
29 rooster voyage 0.08 0 26.9 0.91 0.00 0.00
30 noon string 0.08 0 22.6 1.50 0.00 0.00

Table 3
The absolute values of the coefficients of correlation between human ratings of similarity (by
Miller and Charles and by Rubenstein and Goodenough) and the five computational measures.

Measure M&C R&G

Hirst and St-Onge,relHS .744 .786
Jiangand Conrath, distJC .850 .781
Leacockand Chodorow, simLC .816 .838
Lin, simL .829 .819
Resnik, simR .774 .779
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Figure 2
Human and computer ratings of the RubensteinÐGoodenoughsetof wor d pairs, with sparse
bands marked (seetext). From left to right and top to bottom: The wor d pairs rated by
Rubenstein and GoodenoughÕssubjects;by the HirstÐSt-Ongesimilarity measure;by the
JiangÐConrathdistance measure;by the LeacockÐChodorow similarity measure;by the Lin
similarity measure;and by the Resnik similarity measure.
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Figure 3
Human and computer ratings of the Miller ÐCharlesset of wor d pairs, with sparsebands marked
(seetext). From left to right and top to bottom: The wor d pairs rated by Miller and CharlesÕs
subjects;by the HirstÐSt-Ongesimilarity measure;by the JiangÐConrathdistance measure;by
the LeacockÐChodorow similarity measure;by the Lin similarity measure;and by the Resnik
similarity measure.
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HirstÐSt-Onge and LeacockÐChodorow measures is much more apparent than that of
the others: i.e.,the values that they can take on are just a fixed number of levels. This is,
of course,a result of their being basedon the samehighly discretefactor: the path length.
As a matter of fact, a more substantial correspondencebetween the two measurescan
be recognized from the graphs and explained in the same way. In each dataset, the
upper portions of the two graphs are identical: namely, the setsof pairs affording the
highest and second-highest values of the two measures (relHS , simLC ). This
happens becausethesesetsare composed of WordNet synonym and parent-child pairs,
respectively.

Further down the -axis, we find that for the Miller ÐCharlesdata, the two graphs
still follow eachother quite closely in the middle region (2.4Ð3.2for simLC and 90Ð100for
relHS). For the larger setof Rubenstein and GoodenoughÕs,however, dif ferencesappear.
The pair automobileÐcushion(22),for instance,is ranked even with magicianÐoracle(37)by
the HirstÐSt-Ongemeasurebut far below both magicianÐoracle(37)and birdÐcrane(42)by
LeacockÐChodorow (and, in fact, by all the other measures).The causeof such a high
ranking in the former caseis the following meronymic connection in WordNet:

automobile/. . . /car H A S-A suspension/suspension system (Ôasystem of
springs or shock absorbersconnecting the wheels and axlesto the chas-
sis of a wheeled vehicleÕ)H A S-A cushion/shock absorber/shock (Ôame-
chanical damper; absorbsenergy of sudden impulsesÕ).

SincerelHS is the only measure that takes meronymy (and other WordNet relations be-
yond IS-A ) into account,no other measuredetectedthis connectionÑnor did the human
judges, whose task was to assesssimilarity, not generic relatedness; seesection 4.1).

Finally, at the bottom portion of thesetwo graphs, the pictur e becomesvery dif fer-
ent, becauserelHS assigns all weakly-r elated pairs the value of zero. (In fact, it is this
cut-off that we believe to be largely responsible for the relatively low ranking of the
correlation coefficient of the HirstÐSt-Onge measure.) In contrast, two other measures,
ResnikÕsand LinÕs,behave quite similarly to eachother in the low-similarity region. In
particular , their setsof zero-similarity pairs are identical, becausethe definitions of both
measures include the term , which is zero for the pairs in question.
For instance, for the pair roosterÐvoyage(M&C #29, R&G #2), the synsets rooster and
voyage have dif ferent ÔuniquebeginnersÕ,and hence their Ñin fact their sole com-
mon subsumerÑis the (fake) global root (seesection 2.5.3),which is the only concept
whose probability is 1:

cock/rooster (Ôadult male chickenÕ) IS-A . . . IS-A domestic
fowl/. . . /poultry IS-A . . . IS-A bird IS-A . . . IS-A animal/animate be-
ing/. . . /fauna IS-A life form/. . . /living thing (Ôanyliving entityÕ)IS-A en-
tity (Ôsomethinghaving concrete existence; living or nonlivingÕ) IS-A

global root,

voyage IS-A journey/journeying IS-A travel/. . . /traveling IS-A change of
location/. . . /motion IS-A change (Ôtheact of changing somethingÕ)IS-A

action (Ôsomethingdone (usually as opposed to something said)Õ)IS-A

11 Mor e generally, the inverse image of the secondhighest value for simLC is a proper subsetof that for
relHS, for the latter would also include all the antonym and meronymÐholonym pairs. The two datasetsat
hand, however, do not contain any instancesfrom thesecategories.

12 Again (cf footnote 11), the former setactually constitutes a proper subsetof the latter, as simL will
also be zero if either concept does not occur in the frequency-corpus (seeequation 20).However , no such
instancesappear in the data.
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act/human action/human activity (Ôsomethingthat people do or causeto
happenÕ)IS-A global root.

Analogously , although perhaps somewhat more surprisingly for a human reader, the
sameis true of the pair asylumÐcemetery(R&G #16):

asylum/insane asylum/. . . /mental hospital IS-A hospital/inÞrmary IS-A

medical building (Ôabuilding where medicine is practicedÕ)IS-A build-
ing/ediÞce IS-A . . . IS-A artifact/artefact (Ôaman-made objectÕ)IS-A ob-
ject/inanimate object/physical object (Ôanonliving entityÕ)IS-A entity
IS-A global root,

cemetery/graveyard/. . . /necropolis (Ôatract of land used for burialsÕ)IS-
A site (Ôthepiece of land on which something is located (or is to be
located)Õ)IS-A position/place (Ôtheparticular portion of spaceoccupied
by a physical objectÕ)IS-A . . . IS-A location (Ôapoint or extent in spaceÕ)
IS-A global root.

Looking back at the high-similarity portion of the graphs, but now taking into con-
sideration the other threemeasures,we can make a couple more observations. First, the
graphs of all of the measuresexcept ResnikÕsexhibit a ÔlineÕof synonyms (comprising
four points for the Miller ÐCharlesdatasetand nine points for RubensteinÐGoodenough)
at the top (bottom for Jiang and ConrathÕsmeasure). In the caseof ResnikÕsmeasure,
simR (seeequation 8), and hence the similarity of
a concept to itself varies from one concept to another. Second,theseÔlinesÕare not con-
tinuous, as one might expect from the graphs of the human judgments: for the Miller Ð
Charles set, for instance, the line includes pairs 1, 2, 7, and 8, but omits pairs 3Ð6.This
peculiarity is due entirely to WordNet, according to which gemand jewel(# 2) and ma-
gicianand wizard (# 7) are synonyms, whereasjourneyand voyage(# 3), boyand lad (pair
4), and even asylumand madhouse(# 6) are not, but rather are related by IS-A :

voyage (Ôajourney to somedistant placeÕ)IS-A journey/journeying (Ôthe
act of traveling from one place to anotherÕ),

lad/laddie/cub/sonny/sonny boy (Ôamale child (a familiar term of ad-
dressto a boy)Õ)IS-A boy/male child/child (Ôayoung male personÕ),

madhouse/nuthouse/. . . /sanatorium (Ôpejorativeterms for an insane
asylumÕ)IS-A asylum/insane asylum/. . . /mental hospital (Ôahospital for
mentally incompetent or unbalanced personsÕ).

Although, aswe saw above, already for two measuresthe details of their medium-
similarity regions dif fer, there appears to be an interesting commonality at the level of
general structure: in the vicinity of sim , the plots of human similarity ratings for
both the Miller ÐCharlesand the RubensteinÐGoodenoughwor d pairs display a very
clear horizontal band that contains no points. For the Miller ÐCharlesdata (Figure 3),
the band separatesthe pair craneÐimplement(16) from brotherÐmonk(14), and for the
Rubenstein-Goodenough set (Figure 2), it separates magicianÐoracle(37) from craneÐ
implement(38).

On the graphs of the computed ratings, these empty bands correspond to regions
with at most a few pointsÑno more than two points for the Miller ÐCharlesset and

13 For some reason,Miller and Charles, while generally ordering their pairs from least to most similar , put
craneÐimplement(16) after ladÐbrother(15), even though the former was rated more similar .
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no more than four for the RubensteinÐGoodenough set. These regions are shown in
Figures 3(b)Ð(f)and 2(b)Ð(f).This commonality among the measures suggests that if
we were to partition the set of all wor d pairs into those that are deemed to be related
and those that are deemed unrelated, the boundary between the two subsets for each
measure (and for the human judgments, for that matter) would lie somewhere within
theseregions.

4.4.3The limitations of this analysis. While comparison with human judgments is the
ideal way to evaluate ameasureof similarity or semantic relatedness,in practice the tiny
amount of data available (and only for similarity , not relatedness)is quite inadequate.
But constructing a large-enough set of pairs and obtaining human judgments on them
would be a very large task.

Even more importantly , there are serious methodological problems with this ap-
proach.It was implicit in the RubensteinÐGoodenoughand Miller ÐCharlesexperiments
that subjectswere to use the dominant senseof the target wor ds or mutually triggering
related senses.But often what we are really interestedin is the relationship between the
conceptsfor which the wor ds aremerely surrogates;the human judgments that we need
are of the relatednessof wor d-senses,not wor ds. So the experimental situation would
need to set up contexts that bias the senseselection for eachtarget wor d and yet donÕt
bias the subjectÕsjudgment of their a priori relationship, an almost self-contradictory
situation.

5. An application-based evaluation of measuresof relatedness

We now turn to a dif ferent approach to the evaluation of similarity and relatedness
measuresthat tries to overcome the problems of comparison to human judgments that
were described in the previous section. Here, we compare the measures through the
performance of an application that usesthem: the detection and correction of real-word
spelling errors in open-classwor ds, i.e., malapropisms .

While malapropism correction is also a useful application in its own right, it is par-
ticularly appropriate for evaluating measuresof semantic relatedness.Naturally occur-
ring coherent texts, by their nature, contain many instances of related pairs of wor ds
(Halliday and Hasan, 1976;Morris and Hirst, 1991;Hoey, 1991;Morris and Hirst, 2004).
That is, they implicitly contain human judgments of relatednessthat we could usein the
evaluation of our relatednessmeasures.But, of course, we donÕtknow in practice just
which pairs of wor ds in a text are and arenÕtrelated. We can get around this problem,
however, by deliberately perturbing the coherence of the text Ñ that is, intr oduding
semantic anomalies such asmalapropisms Ñ and looking at the ability of the dif ferent
relatednessmeasuresto detect and correct the perturbations.

5.1Malapropism detection and correction as a testbed
Our malapropism corrector (Hirst and Budanitsky, 2005) is based on the idea behind
that of Hirst and St-Onge (1998):look for semantic anomalies that can be removed by

14 Evgeniy Gabrilovich has recently made available a datasetof similarity judgments of 353English wor d
pairs that were used by Finkelstein et al (2002).Unfortunately , this set is still very small, and, asJarmasz
and Szpakowicz (2003)point out, is culturally and politically biased.And the scarcely larger setof
synonymy norms for nouns created by Whitten, Suter, and Frank (1979)covers only wor ds with quite
closely related senses,and henceis not useful here either.

15 In their creation of a setof synonymy norms for nouns, Whitten, Suter, and Frank (1979)observed
frequent artifacts stemming from the order of presentation of the stimuli that seemto be due to the
practical impossibility of forcing a context of interpr etation in the experimental setting.
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small changesto spelling. Words are (crudely) disambiguated where possible by ac-
cepting sensesthat are semantically related to possible sensesof other nearby wor ds.
If all sensesof any open-class,nonÐstop-list wor d that occurs only once in the text are
found to be semantically unrelated to accepted sensesof all other nearby wor ds, but
some senseof a spellingvariation of that wor d would be related (or is identical to an-
other token in the context), then it is hypothesized that the original wor d is an error and
the variation is what the writer intended; a user would be warned of this possibility .
For example, if no nearby wor d in a text is related to diary but one or more are related
to dairy, we suggest to the user that it is the latter that was intended. The exactwindow
size implied by ÒnearbyÓis a parameter to the algorithm, as is the precisedefinition of
spellingvariation; seeHirst and Budanitsky (2005).

This method makes the following assumptions:

A real-word spelling error is unlikely to be semantically related to the text.

Frequently, the writer Õsintended wor d will be semantically related to nearby
wor ds.

It is unlikely that an intended wor d that is semantically unrelated to all those
nearby will have a spelling variation that is related.

While the performance of the malapropism corrector is inherently limited by theseas-
sumptions, we can nonethelessevaluate measuresof semantic relatednessby compar-
ing their effect on its performance, as its limitations affect all measuresequally. Regard-
less of the degreeof adequacy of its performance, it is a Òlevelplaying fieldÓfor com-
parison of the measures.Hirst and Budanitsky (2005)discussthe practical aspectsof the
method and compare it with other approachesto the sameproblem.

5.2Method
To test the measures in this application, we need a sufficiently large corpus of
malapropisms in their context, each identi fied and annotated with its correction. Since
no such corpus of naturally occurring malapropisms exists, we created one artificially.
Following Hirst and St-Onge (1998),we took 500 articles from the Wall Street Journal
corpus and, after removing proper nouns and stop-list wor ds from consideration, re-
placed one wor d in every 200 with a spelling variation, choosing always WordNet
nouns with at least one spelling variation. For example, in a sentencebeginning To
win the case,which was Þled shortly after the indictment and is pendingin Manhattan fed-
eral court . . . , the wor d casewas replaced by cage. This gave us a corpus with 1,408
malapropisms among 107,233candidates. We then tried to detect and correct the
malapropisms by the algorithm outlined above,using in turn eachof the five measures
of semantic relatedness.For each,we used four dif ferent searchscopes, i.e., window sizes:
just the paragraph containing the target wor d (scope = 1); that paragraph plus one or
two adjacentparagraphs on eachside (scope= 3 and 5); and the complete article (scope
= M A X).

16 Although it sharesunderlying assumptions, our algorithm dif fers from that of Hirst and St-Ongein its
mechanisms.In particular , Hirst and St-OngeÕsalgorithm was basedon lexical chains (Morris and Hirst,
1991),whereasour algorithm regards regions of text asbagsof wor ds.

17 In fact, there is a semantic bias in human typing errors (Fromkin, 1980),but not in the malapropism
generator to be described below.

18 Articles too small to warrant such a replacement (19 in total) were excluded from further consideration.
19 We assumethat the original Wall StreetJournal, being carefully edited text, contains essentially no

malapropisms of its own.
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We also needed to set a threshold of ÒrelatednessÓfor eachof the measures.This is
becausethe malapropism-detection algorithm requiresa boolean relatedÐunrelatedjudg-
ment, but eachof the measuresthat we tested instead returns a numerical value of relat-
ednessor similarity , and nothing in the measure (except for the HirstÐSt-Ongemeasure)
indicates which values count as ÒcloseÓ.Mor eover, the values from the dif ferent mea-
suresareincommensurate. Wethereforesetthe threshold of relatednessof eachmeasure
at the value at which it separatedthe higher level of the RubensteinÐGoodenoughpairs
(the near-synonyms) from the lower level, aswe described in section 4.4.2.

5.3Results
Malapr opism detection was viewed as a retrieval task and evaluated in terms of preci-
sion, recall, and -measure. Observe that semantic relatednessis used at two dif ferent
places in the algorithmÑto judge whether an original wor d of the text is related to
any nearby wor d and to judge whether a spelling variation is relatedÑand successin
malapropism detection requires successat both stages.For the first stage,we say that
a wor d is suspected of being a malapropism (and the wor d is a suspect) if it is judged
to be unrelated to other wor ds nearby; the wor d is a correct suspect if it is indeed a
malapropism and a false suspect if it isnÕt.At the second stage, we say that, given a
suspect,an alarm is raised when a spelling variation of the suspect is judged to be re-
lated to a nearby wor d or wor ds; and if an alarm wor d is a malapropism, we say that
the alarm is a true alarm and that the malapropism has been detected; otherwise, it is
a false alarm. Then we can define precision ( ), recall ( ), and -measure ( ) for sus-
picion ( ), involving only the first stage, and detection ( ), involving both stages,as
follows:

Suspicion:.

number of correct suspects
number of suspects

(21)

number of correct suspects
number of malapropisms in text

(22)

(23)

Detection:.

number of true alarms
number of alarms

(24)

number of true alarms
number of malapropisms in text

(25)

(26)

The precision, recall, and values are computed asthe mean values of thesestatis-
tics across our collection of 481 articles, which constitute a random sample from the
population of all WSJarticles. All the comparisons that we make below, except for com-
parisons to baseline,areperformed with the Bonferroni multiple-comparison technique
(Agr esti and Finlay, 1997),with an overallsignificancelevel of .05.

5.3.1Suspicion. We look first at the results for suspicion Ñ just identifying wor ds that
have no semantically related wor d nearby. Obviously , the chanceof finding some wor d
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that is judged to be related to the target wor d will increasewith the size of the scopeof
the search (with a large enough scope,e.g., a complete book, we would probably find
a relative for just about any wor d). So we expect recall to decreaseas scope increases,
becausesomerelationships will befound even for malapropisms (i.e., therewill bemore
false negatives). But we expect that precision will increasewith scope, as it becomes
more likely that (genuine) relationships will be found for non-malapr opisms (i.e., there
will be fewer false positives), and this factor will outweigh the decreasein the overall
number of suspectsfound.

Table 4 and Figure 4 show suspicion precision, recall, and for each of the
combinations of measure and scope.The values of precision range from 3.3%(Resnik,
scope= 1) to 11% (JiangÐConrath,scope= M A X), with a mean of 6.2%,increasing with
scope,asexpected,for all measuresexceptHirstÐSt-Onge.Mor e specifically, dif ferences
in precision are statistically significant for the dif ferencebetween scope = 5 and scope
= M A X for LeacockÐChodorow and between 1 and larger scopesfor Lin, Resnik, and
JiangÐConrath;there are no significant dif ferencesfor HirstÐSt-Onge,which henceap-
pears flat overall. The values of recall range from just under 6% (HirstÐSt-Onge,scope
= M A X) to more than 72% (Resnik, scope = 1), with a mean of 39.7%,decreasing with
scope,as expected.All dif ferencesin recall are statistically significant, except between
scope= 3and scope= 5for all measuresother than ResnikÕs. rangesfrom 5%(HirstÐSt-
Onge, scope= M A X) to 14%(JiangÐConrath,scope= 5), with a mean of just under 10%.
Even though values at the lower ends of these ranges appear small, they are still sig-
nificantly ( ) better than chance,for which precision, recall, and are all 1.29%.
Mor eover, the value for precision is inherently limited by the likelihood that, especially
for small search scopes,therewill bewor ds other than our deliberate malapropisms that
are genuinely unrelated to all others in the scope.

Becauseit combines recall and precision, we focused on the results for by mea-
sure and scopeto determine whether the performance of the five measureswas signif-
icantly dif ferent and whether scopeof search for relatednessmade a significant dif fer-
ence.

Scopedif ferences:. For JiangÐConrathand Resnik, the analysis confirms only that these
methods perform significantly better with scope 5 than scope 1; for Lin, that scope 3
is significantly better than scope 1; for LeacockÐChodorow, that 3 is significantly bet-
ter than 1 and M A X better than 3; and for HirstÐSt-Onge, that M A X is significantly
worse than 3. (From the standpoint of simple detection of unrelatedness(suspicion in
malapropism detection), thesedata point to overall optimality of scopes3 or 5.)

Dif ferences between measures:. JiangÐConrathsignificantly outperforms the others in
all scopes(exceptfor LeacockÐChodorow and Lin at scopeM A X, where it doesbetter but
not significantly so), followed by Lin and LeacockÐChodorow (whose performances are
not significantly dif ferent from eachother), in turn followed by Resnik. HirstÐSt-Onge,
with its irr egular behavior, performs close to Lin and LeacockÐChodorow for scopes1
and 3 but falls behind as the scopesize increases,finishing worst for scope M A X. Thus
the JiangÐConrathmeasuredoesbest for the suspicion phase(and is optimal with scope
= 5).

5.3.2Detection. We now turn to the results for malapropism detection. During the de-
tection phase, the suspectsare winnowed by checking the spelling variations of each
for relatednessto their context. Since(true) alarms can only result from (true) suspects,
recall can only decrease(or, more precisely, not increase)from that for suspicion (cf
equations 22 and 25).However , if a given measure of semantic relatednessis good, we
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Figure 4
Precision ( ), recall ( ), and -measure ( ) for malapropism suspicion by measure and
scope.
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Table 4
Precision ( ), recall ( ), and -measure ( ) for malapropism suspicion with five measuresof
semantic relatedness,varying the scopeof the search for related wor ds to 1, 3, or 5 paragraphs or
the complete news article (M A X).

Measure Scope
HirstÐSt-Onge 1 .056 .298 .091

3 .067 .159 .089
5 .069 .114 .079
M A X .051 .059 .049

JiangÐConrath 1 .064 .536 .112
3 .086 .383 .135
5 .097 .326 .141
M A X .111 .233 .137

LeacockÐChodorow 1 .042 .702 .079
3 .052 .535 .094
5 .058 .463 .101
M A X .073 .356 .115

Lin 1 .047 .579 .086
3 .062 .421 .105
5 .067 .350 .110
M A X .078 .253 .110

Resnik 1 .033 .727 .063
3 .038 .589 .070
5 .039 .490 .072
M A X .043 .366 .075

expect the proportion of falsealarms to reducemore considerably Ñ far fewer falsesus-
pects will becomealarms than correct suspectsÑ thus resulting in higher precision for
detection than for suspicion (cf equations 21and 24).

Table 5 and Figure 5, show precision, recall, and for eachof the measureÐ
scope combinations, determined by the same method as those for suspicion. The val-
ues of recall range from 5.9% (HirstÐSt-Onge, scope = M A X) to over 60% (LeacockÐ
Chodorow, scope= 1). While thesevalues are, as expected, lower than those for suspi-
cion recall Ñ for eachmeasureÐscopecombination is from 1 to 16 percentagepoints
lower than the corresponding Ñ the decline is statistically significant for only 3 out
of the 20combinations.

The values of precision range from 6.7%(HirstÐSt-Onge,scope= M A X) to just under
25% (JiangÐConrath,scope = M A X), increasing, as expected, from suspicion precision;
each combination increasesfrom 1 to 14 percentagepoints; the increaseis statistically
significant for 18 out of the 20 combinations. Mor eover, the increasein precision out-
weighs the decline in recall, and thus , which ranges from 6% to 25%, increasesby
7.6% on average; the increaseis significant for 17 out of the 20 combinations. Again,
even the lower ends of the precision, recall, and ranges are significantly ( )
better than chance (which again is 1.29%for each), and the highest results are quite
good (e.g., 18% precision, 50% recall for JiangÐConrathat scope , which had the
highest , though not the highest precision or recall), despite the fact that the method
is inherently limited in the ways described earlier (section 5.1).(SeeHirst and Budanit-
sky (2005)for discussion of the practical usefulnessof the method.)
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Figure 5
Precision ( ), recall ( ), and -measure ( ) for malapropism detection by measure and
scope.
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Table 5
Precision ( ), recall ( ), and -measure ( ) for malapropism detection with five measures
of semantic relatedness,varying the scopeof the search for related wor ds to 1, 3, or 5 paragraphs
or the complete news article (M A X).

Measure Scope
HirstÐSt-Onge 1 .105 .286 .145

3 .107 .159 .117
5 .101 .114 .096
M A X .067 .059 .056

JiangÐConrath 1 .184 .498 .254
3 .205 .372 .245
5 .219 .322 .243
M A X .247 .231 .211

LeacockÐChodorow 1 .111 .609 .184
3 .115 .499 .180
5 .118 .440 .178
M A X .132 .338 .177

Lin 1 .125 .514 .195
3 .145 .398 .201
5 .150 .335 .197
M A X .168 .242 .176

Resnik 1 .088 .562 .150
3 .087 .512 .146
5 .088 .454 .145
M A X .093 .344 .140

Scopedif ferences:. Our analysis of scopedif ferencesin shows a somewhat dif ferent
pictur e for detection from that for suspicion: there are significant dif ferencesbetween
scopesonly for the HirstÐSt-Ongemeasure.The graphs of the other four methods thus
are not significantly dif ferent from being flat Ñ that is, scopedoesnÕtaffect the results.
(Hence we canchoose1 as the optimal scope,since it involves the leastamount of work,
and Jiangand ConrathÕsmethod with scope as the optimal parameter combination
for the malapropism detector.)

Dif ferences between measures:. The relative position of eachmeasureÕsprecision, re-
call, and graphs for detection appears identical to that for suspicion, except for the
precision and graphs for HirstÐSt-Onge, which slide further down. Statistical test-
ing for confirms this, with JiangÐConrath leading, followed by Lin and LeacockÐ
Chodorow together, Resnik, and then HirstÐSt-Onge.

5.4Interpretation of the results
In our interpr etation, we focus largely on the results for suspicion; those for detection
both add to the pool of relatednessjudgments on which we draw and corroborate what
we observe for suspicion.

The Resnik measureÕscomparatively poor precision and good recall suggestthat the
measure simply marks too many wor ds as potential malapropismsÑit Ôunder-relatesÕ,
being far too conservative in its judgments of relatedness.For example, it was the only
measure that flagged crowd as a suspect in a context in which all the other measures
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found it to be related to house: crowd IS-A gathering / assemblage SUBSUM ES house /
household / family /menage. Indeed, for every scope,ResnikÕsmeasuregeneratesmore
suspectsthan any other measureÑ e.g.,an averageof 62.5per article for scope , com-
pared to a range of 15to 47,with an averageof 37,for the other measures.The LeacockÐ
Chodorow measureÕssuperior precision and comparable recall (the former dif ference
is statistically significant, the latter is not), which result in a statistically-signi ficantly
better -value, indicate its better ability at discerning relatedness.

The samecomparison can be made between the JiangÐConrathand Lin measures.
Even though both usethe sameinformation-contentÐbased components, albeit in dif fer-
ent arithmetic combinations, and show similar recall, the JiangÐConrathmeasureshows
superior precision and is bestoverall (seeabove).The Lin and LeacockÐChodorow mea-
sures, in turn, have statistically indistinguishable values of and hence similar ratios
of errors to true positives.

Finally, the steady downwar d slope that distinguishes the -graph of HirstÐSt-
Onge from those of the other four measures in Figure 4 evidently reflects the corre-
sponding dif ferencein precision behavior: the HirstÐSt-Ongesuspicion precision graph
is statistically flat, unlike the others. Ironically, given that this measure is the only one
of the five that promises the semantic relatednessthat we want rather than mere simi-
larity , this poor performance appears to be a result of the measureÕsÔover-relatingÕÑit
is far too promiscuous in its judgments of relatedness.For example, it was the only
measure that considered cation(a malapropism for nation) to be related to group: cation
IS-A ion IS-A atom PA RT-OF molecule H A S-A group / radical (Ôtwoor more atoms bound
together as a single unit and forming part of a moleculeÕ).Becauseof its promiscuity,
the HirstÐSt-Onge measureÕsmean number of suspectsfor scope is 15.07,well be-
low the average,and moreover it drops to one-ninth of that, 1.75,at scope= M A X; the
number of articles without a single suspectgrows from 1 to 93.By comparison, for the
other measures,the number of suspectsdrops only to around a thir d or a quarter from
scope to scope= M A X, and the number of articles with no suspectstaysat 1 for both
LeacockÐChodorow and Resnik and increasesonly from 1 to 4 for Lin and from 1 to 12
for JiangÐConrath.

6. Related work

6.1Other applications of WordNet-based measures
Sincethe first publication of the initial results of this work (Budanitsky and Hirst, 2001),
Pedersenand his colleagues(Pedersen,Patwardhan, and Michelizzi, 2004)have made
available a Perl implementation of the five WordNet-based measures (plus Wu and
PalmerÕsand their own; seebelow) that has been used by a number of researchers in
published work on other NLP applications. Generally, theseresults are consistent with
our own. For example, Stevensonand Greenwood (2005)found JiangÐConrathto be the
bestmeasure (out of ÒseveralÓ,which they do not list) for their task of pattern induction
for information extraction. Similarly , Kohomban and Lee (2005)found JiangÐConrath
the best (out of Òvarious schemesÓ,which they do not list) for their task of learning
coarse-grainedsemantic classes.In wor d-sensedisambiguation, Patwardhan, Banerjee,
and Pedersen (2003) found JiangÐConrathto be clearly the best of the five measures
evaluated here,albeit edged out by their own new ÒLeskÓmeasure basedon gloss over-

20 It is debatable whether this metonymic senseof houseshould appear in WordNet at all, though given that
it does, its relationship to crowdfollows, and, as it happens, this sensewas the correct one in the context
for this particular case.
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laps; and McCarthy et al (2004)found that the JiangÐConrathand Lesk measuresgave
the best accuracy in their task of finding predominant wor d senses,with the results of
the two being ÒcomparableÓbut JiangÐConrathbeing far more efficient. On the other
hand, Corley and Mihalcea (2005)found little dif ferencebetween the measures when
using them in an algorithm for computing text similarity .

6.2Measures of distributional similarity asproxies for measuresof semantic related-
ness

In section 1.1,we mentioned that the lexical semantic relatednessor similarity that we
have dealt with in this paper is a notion distinct from that of lexical distributional or
co-occurrencesimilarity . However , a number of researchers,such asDagan (2000),have
promoted the hypothesis that distributional similarity can act as a useful proxy for se-
mantic relatedness in many applications becauseit is based on corpus-derived data
rather than manually created lexical resources;indeed, it could perhaps be used to au-
tomatically create(first-draft) lexical resources(Grefenstette,1994).It is thereforenatural
to ask how distributional-similarity measures compare with the WordNet-based mea-
suresthat we have looked at above.

Formally, by distributional similarity (or co-occurrence similarity ) of two wor ds
and , we mean that they tend to occur in similar contexts, for some definition of

context; or that the setof wor ds that tends to co-occurwith is similar to the setthat
tends to co-occur with; or that if is substituted for in a context, its ÒplausibilityÓ
(Weeds,2003;Weeds and Weir, 2005)is unchanged. The context considered may be a
small or large window around the wor d, or an entire document; or it may be a syntactic
relationship. For example, Weeds(2003;Weedsand Weir, 2005)(seebelow) took verbs
ascontexts for nouns in object position: so they regarded two nouns to be similar to the
extent that they occur asdir ect objectsof the sameset of verbs. Lin (1998b;1998a)con-
sidered other syntactic relationships as well, such as subjectÐverband modifierÐnoun,
and looked at both roles in the relationship.

Given this framework, many dif ferent methods of measuring distributional similar -
ity have beenproposed;seeDagan (2000),Weeds(2003),or Mohammad and Hirst (2005)
for a review. For example, the setof wor ds that co-occurwith and those that co-occur
with may be regarded as a feature vector of each and their similarity measured as
the cosine between the vectors; or a measure may be basedon the KullbackÐLeibler di-
vergencebetween the probability distributions and , as,for example,
LeeÕs(1999) -skew diver gence.Lin (1998b)uses his similarity theorem (equation 19
above) to derive a measure based on the degree of overlap of the sets of wor ds with
which and , respectively, have positive mutual information.

Words that are distributionally similar do indeed often represent semantically re-
lated concepts, and vice versa, as the following examples demonstrate. Weeds (2003),
in her study of 15distributional-similarity measures,found that wor ds distributionally
similar to hope(noun) included conÞdence,dream,feeling,and desire; Lin (1998b)found
pairs such as earningsÐproÞt, biggestÐlargest,nylonÐsilk,and pillÐtablet. It is intuitively
clear why theseresults occur: if two conceptsare similar or related, it is likely that their

21 Patwardhan et alÕsmeasure is basedon the idea, originally due to Lesk (1986),of measuring the degreeof
relatednessof two wor ds by the number of string overlaps in their dictionary definitions or glosses.
Patwardhan et al extend this idea by also including overlaps with definitions of wor ds that are one
WordNet edge away from the comparison wor ds. It is thus a hybrid method, with characteristics of both
dictionary-based and network-based methods (seesections2.1and 2.3above).

22 Do not confound LinÕsdistributional similarity measure with his semantic relatednessmeasure, simL,
which hasbeendiscussed in earlier sectionsof this paper; but observe that both are derived from the
sametheorem.
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role in the world will be similar , so similar things will be said about them, and so the
contexts of occurrenceof the corresponding wor ds will be similar . And conversely (al-
beit with less certainty), if the contexts of occurrence of two wor ds are similar , then
similar things are being said about each,so they are playing similar roles in the world
and hence are semantically similar Ñ at least to the extent of these roles. Nonetheless,
the limitations of this observation will becomeclear in our discussion below.

Threedif ferencesbetween semantic relatednessand distributional similarity areim-
mediately apparent. First, while semantic relatednessis inherently a relation on con-
cepts,aswe emphasized in section 1.1,distributional similarity is a (corpus-dependent)
relation on wor ds. In theory, of course, if one had a large-enough sense-taggedcorpus,
one could derive distributional similarities of wor d-senses.But in practice, apart from
the lack of such corpora, distributional similarities arepromoted exactly for applications
such as various kinds of ambiguity resolution in which it is wor ds rather than senses
that are available (seeWeeds(2003)for an extensive list).

Second, whereas semantic relatedness is symmetric, distributional similarity is a
potentially asymmetrical relationship. If distributional similarity is conceived of assub-
stitutability , as Weeds and Weir (2005)and Lee (1999) emphasize, then asymmetries
arise when one wor d appears in a subset of the contexts in which the other appears;
for example, the adjectives that typically modify appleare a subset of those that mod-
ify fruit , so fruit substitutes for applebetter than applesubstitutes for fruit . While some
distributional similarity measures,such ascosine,are symmetric, many, such as -skew
diver genceand the co-occurrenceretrieval models developed by Weedsand Weir, are
not. But this is simply not an adequatemodel of semantic relatedness,for which substi-
tutability is far too strict a requirement: window and houseare semantically related, but
they are not plausibly substitutable in most contexts.

Thir d, lexical semantic relatednessdepends on a pre-defined lexicographic or other
knowledge resource, whereas distributional similarity is relative to a corpus. In each
case,matching the measures to the resource is a research problem in itself, as this pa-
per and (2003)show, and anomalies can arise. But the knowledge sourcefor semantic
relatednessis created by humans and may be presumed to be (in a weak sense)Òtrue,
unbiased, and completeÓ.A corpus, on the other hand, is not. Imbalance in the corpus
and data sparsenessis an additional sourceof anomalous results even for ÒgoodÓmea-
sures.For example, Lin (1998b)found ÒpeculiarÓsimilarities that were ÒreasonableÓfor
his corpus of news articles, such ascaptiveÐwesterner(becausein the news articles, more
than half of the ÒwesternersÓmentioned were being held captive) and auditionÐrite(be-
causeboth were infr equent and were modified by uninhibited).

Wenow turn to the hypothesis that distributional similarity canusefully stand in for
semantic relatednessin NLP applications such asmalapropism detection. Weeds(2003)
considered the hypothesis in detail. Shecarried out a number of experiments using data
gathered from the British National Corpus on the distribution of a set of 2000nouns
with respectto the verbs of which they were dir ect objects,comparing a large number
of proposed measuresof distributional similarity . Sheapplied ten of thesemeasuresto
the Miller and Charles wor d-pairs (seesection 4.1 above); the absolute values of the
correlations with the Miller and Charles human judgments was at best .62(and at worst
.26), compared with .74 to .85 for the semantic measures (Table 3 above). Weeds also
compared these measures on their ability to predict the wor ds that are semantically

23 We have already remarked in section 5.4above on the promiscuity of the HirstÐSt-Ongemeasure and its
tendency to find connections such ascation–group. Similarly , one of the poorer measuresthat Weeds
experimented with returned this list as the ten wor ds most distributionally similar to hope: hem,
dissatisfaction,dismay, scepticism,concern,outrage,break,warrior, optimism,readiness.
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closestto a target wor d in WordNet, asmeasured by LinÕssemantic similarity measure,
simL. Shefound performance to be Ògenerallyfairly poor Ó(page 162),and undermined
by the effectsof varying wor d frequencies.

Last, Weedsexperimented with distributional measures in real-word spelling cor-
rection, much as we have defined it in Hirst and Budanitsky (2005)and in section 5.1
above, but replacing the semantic relatednessmeasures with distributional similarity
measures.However , she varied the experimental procedure in a number of ways, with
the consequencethat her results are not dir ectly comparable to ours: her test data was
the British National Corpus; scopewas measured in wor ds, not paragraphs; and relat-
ednessthresholds were replaced by considering the wor ds most similar to the target
wor d (and was a parameter). The most significant dif ference,however, arosefrom the
limitations due to data sparsenessthat are inherent in methods basedon distributional
similarity: the very small size of the set of wor ds that could be corrected. Specifically,
only malapropisms for which both the error and the correction occurred in the set of
2000wor ds for which Weedshad distributional data could be considered; and the abil-
ity to detect and correct the malapropism depended on other members of that set also
being within the scopeof the target wor d. It is therefore not surprising that the results
were generally poor (and so were results for simL run under the sameconditions). This
severe limitation on the data means that this was not really a fair test of the principles
underlying the hypothesis; a fair test would require data allowing the comparison of
any two nouns (or better still, any two wor ds) in WordNet, but obtaining such data for
less-frequent wor ds (possibly using the Web as the corpus) would be a massive task.

7. Conclusion

Our goal in this paper hasbeento evaluate resource-basedmeasuresof lexical semantic
distance, or, equivalently , semantic relatedness,for use in natural language processing
applications. Most of the work, however, was limited to the narrower notion of mea-
suresof similarity and how well they fill the broader role, becausethose measuresare
what current resourcessupport bestand hencewhat most current research has focused
on. But ultimately it is the more-general idea of relatedness,not just similarity , that we
need for most NLP methods and applications, becausethe goal, in one form or another,
is to determine whether two smaller or larger piecesof text share a topic or some kind
of closenessin meaning, and this need not depend on the presenceof wor ds that de-
note similar concepts.In wor d sensedisambiguation, such an associationwith the con-
text is frequently a sufficient basis for selecting or rejecting candidate senses(Banerjee
and Pedersen,2003);in our malapropism corrector, a wor d should be considered non-
anomalous in the context of another if there is any kind of semantic relationship at all
apparent between them. Theserelationships include not just hyponymy and the non-
hyponymy relationships in WordNet such as meronymy but also associativeand adhoc
relationships. As mentioned in the intr oduction, thesecan include just about any kind
of functional relation or frequent association in the world.

For the last century, many researchershave attempted to enumerate thesekinds of
relationships. Someelements from a typical list (that of Spellman, Holyoak, and Mor -
rison (2001))are shown in Table 6. Morris and Hirst (2004;2005)have termed these
non-classical lexical semantic relationships (following LakoffÕs (1987)non-classicalcat-
egories),and Morris hasshown in experiments with human subjectsthat around 60%of

24 DonÕtconfound Òfrequent association in the worldÓ with the lexical co-occurrencesthat underlie the
distributional similarity of section 6.2.
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Table 6
From Spellman, Holyoak, and MorrisonÕs(2001)list of associativesemantic relations.

Name Example
IS-USED-TO bedÐsleep
WORKS-IN judgeÐcourt
LIVES-IN camelÐdesert
IS-TH E-OUTSIDE-OF huskÐcorn

the lexical relationships that readersperceive in a text are of this nature (Morris, 2006).
There is presently no catalogue of instancesof thesekinds of relationships let alone any
incorporation of such relationships into a quantification of semantic distance.Nonethe-
less,there are clear intuitions to be captured here, and this should be a focus for futur e
research.

But lists of such relationships can never be exhaustive, as lexical relationships can
also arise ad hoc in context (Barsalou, 1983; Barsalou, 1989) Ñ in particular , as co-
membership of an ad hoc category. For example, MorrisÕssubjects reported that the
wor ds sex,drinking, and drag racing were semantically related, by all being Òdanger-
ous behaviorsÓ,in the context of an article about teenagersemulating what they seein
movies. Thus lexical semantic relatednessis sometimes constructedin context and can-
not always be determined pur ely from an a priori lexical resource such as WordNet.
ItÕsvery unclear how ad hoc semantic relationships could bequantified in any meaning-
ful way, let alone compared with prior quantifications of the classicaland non-classical
relationships. However , ad hoc relationships accounted for only asmall fraction of those
reported by MorrisÕssubjects (Morris, 2006).Their fact of their existencedoes not un-
dermine the usefulness of computational methods for quantifying semantic distances
for nonÐad hoc relationships, and the continued development of such methods is an
important dir ection for research.
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