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1 Introduction

Word Sense Disambiguation (WSD) is the task of identifying appropriate sense of a word that has mul-
tiple senses. This word is referred to as the target word. W&Pbeen deemed an important problem.
For example, (Rigau et al., 2002) state “WSD is one of the nmogbrtant open problems in Natural Lan-

guage Processing (NLP).”, (Liu, Teller, and Friedman, J0fidte “Resolving sense ambiguity is one of
the most important problems in Natural Language ProceSsimgd (Yarowsky, 1992) states “Word sense
disambiguation is a long-standing problem in computatidinguistics with important implications for a

variety of practical applications”. Research in this arated in the 1940s, yet still, “no large-scale broad-
coverage accurate WSD system has been built up to date wittntstate-of-the-art accuracy in the range

of 60-70%” (Rigau et al., 2002)

WSD applies to a number of NLP tasks such as “text-to-spewekhine translation, information retrieval”

(Gale, Church, and Yarowsky, 1992c) and concept mappingn@an, 2001).

Text-to-speech is the task of producing the speech equivafenritten text. An example of such a system
is an automatic announcement system for the weather, amporals/departures, or movie showings. The
appropriate sense of a word is needed to pronounce some waperly. For example the word “bass”,

which is pronounced as [beys] to mean a low pitched singingevor [bees] to mean the fish.

Machine translation is the task of translating a text frone ¢enguage into another, such as English to
French. The appropriate sense of a word is needed to todtarisproperly. For example, the French word
‘grille’ can be translated to 'railings’, 'gate’, 'bar’, &ale’ or 'schedule’ depending on its context (lde and
Véronis, 1998).

Information retrieval is the task of indexing, searchingd aecalling data. (Ide and Véronis, 1998) states
“When searching for keywords, it is desirable to eliminatewrences in documents where the word or
words are used in an inappropriate sense”.In order for ¢higtur, documents need to be properly indexed
based on the sense of the words in the documents rather tharotl itself. For example, the word “fluke”

can mean a flatfish, the end part of an anchor, the fins on a whalkor a stroke of luck.

Concept mapping is the task of automatically linking docotago concepts (senses) in an ontology. This

the accuracy comes from the Senseval-2 WSD task (see S&ytion



is done by linking content words in documents to their appad@ concept in the ontology. In order to
do this accurately, the appropriate concept needs to bdifigdn This is a very similar problem to that of
information retrieval. MetaMap (Aronson, 2001) is a cortas@apping system that maps Medline articles
to concepts in the Unified Medical Language System (see®@e2)i Medline is an online database that
contains 11 million references to journal references tongidical articles. Metamap determines the appro-
priate concept through a pattern matching algorithm usexgecal variation of the input words. (Aronson
et al., 2000) and (Aronson, 2001) note that a WSD componentdiagreatly improve the accuracy of the
MetaMap system’s mappings. (This will be discussed in &rrtietail in Section 5.)

The remainder of this section consists of a high level oesvwbf WSD systems. Section 2 presents data
and resources used by WSD systems. Section 3 presentsiii/dsia related work. Section 4 presents our

preliminary work and Section 5 presents our proposed work.

Researchers differ in their definitions of what constitidesord. In the NLM-WSD data set, the target
word may contain more than one word, such as “blood pressurell the other data sets discussed in this
proposal, a target word consists of only a single word, sscisadiology”. When we discuss “surrounding
words”, we are referring to single words that surround tingetaword regardless of the data set. We also do
not include abbreviations such as “AARP” or acronyms sucteas” in our definition of words. We are

making the assumption that these have already been iddrdifig expanded.

External
Data

v

Input ) WSD System ) Sense Tagged
Data Data

Figure 1: Simplified WSD System Diagram

Figure 1 shows a simplified diagram of a WSD system. It takesta skt as input (input data) and possibly
external data and returns the data set with all words in th& skt annotated with their respective senses

(sense tagged data). Continuous arrows represent systeimeraents while dashed arrows are sometimes
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required. An example of input data would be a sentences fradlilke articles or abstracts such as “...

expression to lower blood pressure ...". The WSD systemtiiiles) the sense of the words in the input
data possibly using information from external data such asrpus (e.g. British National Corpus, Gi-
gaWord Corpus) or knowledge source (e.g. WordNet, Macqisafihesaurus, Unified Medical Language
System). The WSD system assigns a sense to each word in thalata returning sense tagged data such as
“... <calcium/C0006675 <to> <lower/C1611828 <blood pressure/C1272641..." where C0006675,
C1611820, and C1272641 are sense identifiers that come femmsa inventory inside the system. A sense
inventory contains a list of words and their possible senf¢ane” is typically included as a possible sense

even though it is not an actual sense. Itis used to indicatenttne of the senses apply to the target word.

We organize WSD systems into four categories: supervisesijpervised, knowledge-based, and bootstrap-

ping. Next, we give an overview of each of the systems.

Corpus Knowledge
Source
| | Supervised WSD System
\ 4 \ 4

<4— Sense Inventory

) Training \ Generate b Training
Data Features T

Feature Set
. S e Sense
I;lptut > Generate > Data u\p;gvll)s °¢ - 1p Tagged
ata .
Data
Features Feature Set Algorithm a

Figure 2: Supervised WSD System Diagram

Figure 2 shows a supervised WSD system which uses manuabg-4agged training data and possibly an
external corpus or knowledge source. A module in this syglenerates a feature set of both the training
data and the ambiguous words (target words) in the input @xtrnal corpora and/or external knowledge
sources are sometimes used to obtain the features. A festicentains a feature vector for each instance
of the target word. An instance is a single example in a texheftarget word. There may exist multiple
instances of a target word. Target word also refers to theifspavord that we are trying to disambiguate in

an instance. For example, we are trying to disambiguate tnd flower” in the instance: “He wants lower



blood pressure.”. The sentence is an instance of the tamget Yower”, and “lower” is the target word

in the instance. A feature vector represents an instance asdamensional vector of numerical features.
Examples of a feature include: the part-of-speech (PO®)edferget word, the words surrounding the target
word, and the number of times the target word occurs with tbelavto its left and right. Supervised WSD
algorithms require training feature vectors in order tougrthem in an abstract space based on their sense.
This is called the feature space. The idea is that featurtergewhose target words have the same sense will
be situated close together inside the feature space. A daa feature vector of a specific target word will
be assigned the sense of the training feature vectors ibéest to. The algorithm assigns a sense to each
instance of a target word in the input data feature set frorivengsense inventory and outputs the sense

tagged data.

The problem with a supervised WSD system is that there musaiffieient training data for each word that

needs to be disambiguated in the input data. The training fdata supervised WSD system is manually
created by humans making the system not scalable becaagsastitictable for large scale problems such as
Metamap where every content word in the Medline article sgedbe mapped to a UMLS concept (sense).
(Joshi, Pedersen, and Maclin, 2005) state that a supewi§ddl system is “not scalable due to the time and

effort involved in manually creating sufficient amounts i@ining data”.
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Figure 3: Unsupervised WSD System Diagram

Figure 3 shows an unsupervised WSD system which does natedcpining data, thereby eliminating the

problem of needing manually tagged training data for eachigimous word in the input data. An unsuper-



vised WSD system is “data-driven”, relying on the “disttilbmal characteristics of unannotated corpora and
traditional equivalences in word-aligned parallel tex&g{rre and Edmonds, 2006). It is “based on the sim-
ilarity exhibited among the contexts in which words occunuirannotated corpora” (Agirre and Edmonds,
2006). We subdivide unsupervised WSD systems into knoveléelan and knowledge-dependent depending
on the external data used by the system. A knowledge-leampengsed WSD system’s external data only

comes from a corpus while knowledge-enhanced system’sugraented by an external knowledge source.

The problem with an unsupervised WSD system is that a sfeteeeart unsupervised WSD system does
not perform as well as a state-of-the-art supervised WSi2sydn an analysis of the Senseval-3 English all
words WSD task (see Section 2), (Snyder and Palmer, 2004)that “As with the SENSEVAL-2 English

all-words task, the supervised systems fared much beteruhsupervised systems. In fact, all the seven
systems reported as supervised scored higher than any wifieystems reported as unsupervised in both

precision and recall (using either the two scoring crijéria

Figure 4 shows a knowledge-based WSD system which is kngetddven. It requires the use of an exter-
nal knowledge source such as dictionaries, thesauri aradogigs. Such a system does not rely on super-
vised or unsupervised algorithms but “by using informafimm an explicit lexicon [corpus] or knowledge
base [source]” (Molina et al., 2002). The system does natire@ module to generate features sets. The al-

gorithm in the system requires information from a knowledgerce and possibly augmented by an external

corpus.
Corp Knowledge
Source
1 |
l ¢ Knowledge-based WSD System
v
Sense Inventory
Sense
Input Knowledge- 7* Tagged
Data » based WSD Data
Algorithm

Figure 4: Knowledge-based WSD System Diagram



The problem with a knowledge-based WSD system is the sametsfta unsupervised WSD system, a
supervised WSD system perform better. In an analysis of éms&val-2 English lexical WSD task, (Molina

et al., 2002) note that a supervised WSD system “achievef{®rresults than knowledge-based ones”.

Figure 5 shows a bootstrapping WSD system which compen$atdbe decrease in performance in an
unsupervised or knowledge-based WSD systems and allsd@ateewhat the problem of a supervised WSD
system’s need for training data. A bootstrapping WSD systembines an unsupervised or knowledge-
based WSD system and a supervised WSD system into one. T¢etsgged output data of an unsupervised
or knowledge-based WSD system feeds in as input data to avisgek WSD system. In some systems the
output of a supervised WSD system is iteratively fed baak ihé training data until a convergence factor is
met. Other systems incorporate a small set of manually atetbexamples, called seeds, as their external
data source. A bootstrapping WSD system performance is aabje to that of a supervised WSD system
(Yarowsky, 1992). (Kilgarriff and Rosenzweig, 2000) stathat “Where there is training data available,

systems that use it perform substantially better than ttietedo not”.

The problem with a bootstrapping WSD system is that theitrgidata still must be created for each word
that is to be disambiguated in the input data. Automatic@lysemi- automatically with a small seed set)
obtaining the training data is cheaper than manually ergatil of it but it is computationally expensive for

large scale problems and it is not always

The general goal of the proposed research is to create dEcH#SD system that achieves accuracy that is

comparable to a state-of-the-art supervised WSD system.
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2 Data and Resources

In this section, we discuss the test data sets in the geneglisk and biomedical domains. We then discuss
two external knowledge sources, Unified Medical Languagee®y (UMLS) and WordNet, that have been
used by WSD systems.

2.1 General English Test Data sets

2.1.1 “interest”, “line”, “hard”, and “serve” Data Sets

The “interest” data set (Bruce and Wiebe, 1994) contain§&jBstances of the noun “interest” from a
subset of the Penn Treebank Wall Street Journal Corpus (BCLYersion). Each instance was manually

annotated with one of six senses from the Longman Diction&ontemporary English (LDOCE).

The “line” data set (Leacock, Miller, and Chodorow, 1998htzins 4,149 instances of the noun “line” from
the 1987-1989 Wall Street Journal Corpus and the Americautifty House of the Blind. Each instance was

manually annotated with one of the six possible senses framiMét.

The “hard” data set (Leacock, Miller, and Chodorow, 1998)tams 4,337 instances of the adjective “hard”
from the San Jose Mercury New Corpus. Each instance was ithaaoaotated with one of three possible

senses from WordNet.

The “serve” data set (Leacock, Miller, and Chodorow, 1998)tains 5,131 instances of the verb “serve”
from the 1987-1989 WSJ corpus and the American Printing Eléaisthe Blind. Each instance is manually

annotated with one of four possible senses from WordNet.

2.1.2 SemCor Data Set

SemCor contains 250,000 words from the Brown Corpus anddtel fiThe Red Badge of Courage”. The
content words were manually tagged using WordNet as thesevsntory. 83 target words have more than

100 sense-tagged instances in the training data.



2.1.3 Senseval Data Sets

Senseval is an international organization whose goal isdmpte research in WSD. The organization runs
evaluation exercises to test WSD systems. There are thadgations Senseval-1 which took place in 1998,

Senseval-2 which took place in 2001 and Senseval-3 whidhptzxe in 2004.

The Senseval-1 data set contains 35 target words with 13;84ng instances and 7,446 test instances that

were manually tagged using the sense inventory HECTOR.

The Senseval-2 data set contains Chinese lexical samphéstDiaxical sample, Dutch all words, Czech all
words, Basque lexical sample, Estonian all words, Italedichl sample, Korean lexical sample, Spanish
lexical sample, Swedish lexical sample, Japanese lexé&capke, Japanese translation, English all words,
and English lexical sample. The systems reported in thigmpape the English all words (Senseval-2AW)
or English lexical sample (Senseval-2LS). Theglish lexical sampleontains 73 target words with 8,611
training instances and 4,328 test instances from BNC-Z &mn Treebank that were manually tagged using
the sense inventory WordNet1 English all wordscontains a corpus of 2,456 words from the Penn Treebank

where all content words in the corpus are manually taggetjubie sense inventory WordNet1.7.

Senseval-3 data set contains Italian all words, Basquedkesample, Catalan lexical sample, Chinese lexical
sample, Romanian lexical sample, Spanish lexical sampljlimgual lexical sample, WSD of WordNet
glosses, English lexical sample and English all words. Vetess reported in this paper used Breglish all
words (Senseval-3AW) andlVSD of WordNet glossg¢Senseval-3WN). The Senseval-3AW contains 2,081
words from the Penn Treebank where all the words in the comgus manually tagged. The Senseval-3WN
contains 15,717 words from WordNet glosses (defintions)revbach of these words were manually tagged.

The sense inventory used for these data sets was WordNetIn@uns and WordSmith for verbs.

2.2 Biomedical Test Data set

2.2.1 NLM-WSD Data Set

National Library of Medicine’'s Word Sense DisambiguatidiLM-WSD) data set contains 50 highly fre-
guent ambiguous Unified Medical Language System (UMLS) epticfrom the 1998 MEDLINE abstracts.

Each target word in the NLM-WSD data set contains 100 amhigtiostances randomly selected from the



1998 abstracts totaling to 5,000 instances. The instanees manually disambiguated by 11 evaluators
who assigned the target word to a UMLS Concept or assignedehge as “None” if none of the UMLS
concepts described the sense. There are 15 out of the 50udrose majority sense is less than 65%. Those

terms are used by (Leroy and Rindflesch, 2004) and subséygoenipreliminary work.

2.3 External Knowledge Sources

2.3.1 Unified Medical Language System (UMLS)

The UMLS is a knowledge representation framework desigoeslipport broad scope biomedical research
queries. Itincludes over 100 controlled medical termig@s and classification systems encoded with dif-
ferent semantic and syntactic structures. The three maijoces of UMLS are the Metathesaurus, Semantic

Network and SPECIALIST Lexicon.

The Metathesaurus is a multi-lingual vocabulary databdiseontains information about biomedical and
health-related concepts, relationships among the casicaptl synonymous terms that are associated with
the concepts. The Metathesaurus organizes knowledge basedncepts. A concept is defined as the
“meaning” of a term and is expressed by having specific atiet that define it. A concept contains a
concept definition, related concepts, relations with ottmmcepts and semantic types defined from the

Semantic Network.

The Semantic Network (SN) contains information about a ketsaurus concept’s semantic type and its
relationship with other semantic types. A semantic typedhiater of words that are meaningfully related
in some way. A concept could have more than one semantic fpere are currently 135 semantic types.
Examples of semantic types include: organism, anatomtcattsires, biologic function, and chemicals.
The semantic types are connected by 54 semantic relatio@nides of semantic relations include: is-a,

part-of, ingredient-of.

The SPECIALIST Lexicon contains English biomedical termd English terms that are used in the biomed-
ical and health- related domain as well as NLP tools suchlas SRECIALIST minimal commitment parser,
and lexical veriation generator (LVG). A term may consisimadre than one word. There exists a lexical

entry for each spelling or spelling variation. An entry maywé more than one UMLS Concept.
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2.3.2 WordNet

WordNet (Fellbaum, 1998) is an ontology that can also be aseal machine readable dictionary (MRD)
or thesaurus (MRT). WordNet contains approximately 150,0@rds that are grouped together by their
concepts called synsets. There are approximately 11508, A word-synset pair is defined by its
part-of-speech (POS), definition, and a set of example sease Synsets are linked together through five
semantic relationshypernym, hyponym, meronym, holonym andsynonym. The hypernym of words
wy andwsy is when the meaning af; encompasses the meaningwf. For example, a truckuf;) is a
kind of vehiclefv-), therefore a truck is a hypernym of a vehicle. The hyponymwarfdsw, andws- is the
hypernym relationship backwards. For example, a trugl (s a kind of vehicle {), therefore a vehicle

is a hyponym of a truck. The meronym of words andws is whenw; is part of or a member ab,. For
example, a wheehd;) is part of a truck {-), therefore a wheel is a meronym of a truck. The holonym
of wordsw, andw, is whenw; has anw, as a component. For example, a truak X has a wheel)s),
therefore a truck is a holonym of a wheel. The synonym of wardandws is when is whenv; andws

have the same meaning. For exampléglay (w,) is anin fant (w-), therefore a baby is an infant.

11



3 Related Work

WSD systems fall into the four categories described in tlevipus section: supervised, unsupervised,
knowledge-based and boostrapping. In this section, welsttredcomparative analysis of the work related

to our proposed research in Section 5.

3.1 Supervised WSD Systems

There are two components to a supervised WSD system (seeAg8ection 1): i) the module that gener-

ates feature sets for the training and input data and ii) iarithm which determines the sense of ambigu-
ous words in the input data feature set using the training fisture set. We first discuss the algorithms
researchers use to disambiguate the input data, and seben@atures used in the feature set, and lastly,

the results of relevant related work.

3.1.1 Supervised WSD Algorithms

Table 1 shows the algorithms used by researchers in supdrWSD. There are ten papers and seventeen
algorithms discussed in this section. The papers each gengpaaverage three algorithms on various test

sets. The order of the papers in the table is in the order tleegliacussed below.

(Mooney, 1996) compares Naive Bayes, Neural Networks ,dd@tiTrees, Decision Lists, K-nearest neigh-
bor, logic-based DNF and CNF on the “line” data set. (Leacdakvell, and Voorhees, 1993) compare
Naive Bayes, Neural Network and Content Vector on the sartees#d. Both found that the Naive Bayes

and Neural Networks performance was comparable and pegtbbatter than the other algorithms.

(Yarowksy and Florian, 2003) compare Naive Bayes, Decisists, Cosine, Transformation based and
(Gale, Church, and Yarowsky, 1992b) Bayes Ratio on the $Sah2eS data set. They found that although
the Naive Bayes and Bayes Ratio reports the best overafinpeahce although they point out that no single

algorithm always performs the best on all the words to benlsguated.

(Liu, Teller, and Friedman, 2004) compare the Naive Bayanpdified Decision List algorithm and their

mixed supervised WSD system which contains a mix of a NaiweBand an exemplar-based algorithms.
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Table 1: Supervised WSD Algorithms

(Mooney,
1996)

(Leacock
Towell,
and
Voorhees
1993)

(YYarowksy
and Flo-
rian,

2003)

(Liu,
Teller,
and
Fried-
man,
2004)

(Ng and
Lee,
1996)

(Ng,
1997)

(Lee,
Ng, and
Chia,
2004)

(Joshi,
Peder-
sen, and
Maclin,
2005)

(Leroy
and
Rind-
flesch,
2004)

(Lee
and Ng,
2002)

Naive Bayes

X

SVM

Ada Boost

Decision Tree

X | X | X | X

Decision List

X | X | X | X [ X

Instance-based

Exemplar-based

Exemplar/Naive Bayes “mixed

Content Vector

Neural Network

Ensemble method

Cosine

Transformation-based

Bayes Ratio

K-Nearest Neighbor

logic-based DNF

logic-based CNF

Data Set

“line” data set

“hard” data set

“serve” data set

“interest” data set

X | X | X | X

Senseval-1

Senseval-2LS

BNC/WSJ6

NLM-WSD




They tested the systems in the general English domain usengine”, “hard”, “serve” and “interest” data
and the biomedical domain using a subset of the NLM-WSD dattaThey found Naive Bayes performed
best in the general English domain and their “mixed” supadiWSD system performed the best in the

biomedical.

(Ng, 1997) compare Naive Bayes and an improved version ofeeemplar-based learning algorithm,
LEXAS (Ng and Lee, 1996) on a subsection of the British NatloGorpus (BNC) and a subsection of
the Penn Treebank Wall Street Journal (WSJ6) corpus. Theywfao difference in the algorithms perfor-

mance.

(Joshi, Pedersen, and Maclin, 2005) and (Lee and Ng, 2002paee Naive Bayes, Support Vector Ma-
chines (SVM), AdaBoost and Decision Trees. (Joshi, Pedeesed Maclin, 2005) also compare Decision
Lists. (Joshi, Pedersen, and Maclin, 2005) test their dlgorusing a subset of the NLM-WSD data set
while (Lee and Ng, 2002) use the Senseval-1 and SensevatiglsSsets. They both report that SVM ob-
tained the best overall accuracy. (Lee, Ng, and Chia, 20@dluate an SVM on the Senseval-3LS data

set.

In summary, SVM’s and Naive Bayes were shown to outperfolnofadther supervised WSD algorithms
overall but (Leacock, Towell, and Voorhees, 1993) and (J&ddersen, and Maclin, 2005) note that no one

classifier performed best for all words.

3.1.2 Supervised WSD Features

Table 2 shows the features used by researchers in supeWiSEed There are ten features that we group into
three categories: lexical, semantic and syntactic. Lékiedures consist of features that can be obtained by
analyzing the target word and its surrounding words in timesee. The features relevant to our discussion
include bag-of-words, unigrams, bigrams, and collocaticByntactic features consist of features that can
be obtained by analyzing the syntactic structure of the w@uid the sentence such as the morphology
and part-of-speech of the target and surrounding wordsl tweads in the sentence and syntactic relations
between the target word and surrounding words. Semantigréssaconsist of features that require additional
knowledge of a word including it’'s definition and sense. Seiicdeatures include the semantic type and

semantic relations of the target word and possibly the wsudsounding the target word.
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Table 2: Supervised WSD Features

(Leacock| (Mooney,| (Pedersen,(Ng and| (Yarowksy (Lee (Mohammadoshi, (Leroy (Lee,
Towell, 1996) 2000) Lee, and Flo-| and Ng,| and Ped-| Peder- and Ng, and
and 1996) rian, 2002) ersen, sen, and| Rind- Chia,
Voorhees 2003) 2004) Maclin, | flesch, 2004)
1993) 2005) 2004)
bag-of-words X X X X X
] unigrams X X X X X
Lexical Features )
bigrams X X X
collocations X X X X
morphology X
) POS X X X X
Syntactic Features
head word X X
syntactic relations X X X X
. semantic types X
Semantic Features , ,
semantic relationg X




Researchers have incorporated four lexical features iarsiged WSD systems: bag-of-words, unigrams,
bigrams, and collocations. A bag-of-words are the wordsosinding the target word without respect to
order. A unigram is a content word surrounding the targetdvibat occurs a specified number of times in
a specified window. The difference between a bag-of-wordsusigrams is that the collection of unigrams
take the frequency of the words into consideration at sonmd pothe process. A bigram is an ordered pair
of content words that surround the target word occurringegifipd number of times in a specified window.
A window is the number of words on either side of the targetdvdfor example, a window size of three
would be one word to the right and one word to the left of thggaword. A window could also be the
entire sentence that contains the target word. A collonasi@ unit of words that represent a single concept

for example “White House”.

(Leacock, Towell, and Voorhees, 1993), (Mooney, 1996) &atiersen, 2000) use the bag-of-words feature.
(Ng and Lee, 1996) compare bag-of-words and collocatioriev{lbee and Ng, 2002) compare collocations

and unigrams with their systems. (Mohammad and Pederséd) 20d (Joshi, Pedersen, and Maclin, 2005)
compare unigram and bigram from the words surrounding tigetavord at the sentence level and since the
data they use is biomedical abstracts, at the abstract e, Ng, and Chia, 2004) use both unigrams and

collocations in their supervised WSD system.

Researchers have incorporated four syntactic featurespeargised WSD systems: morphology, part-of-
speech information (POS), head word information and syictaelations. The morphology of the target
word is the “analysis of each word into its root and affix” (MR 1992), the POS information is the POS
of the target word and/or surrounding words, the head wdatnmation is whether the target word and/or
specified surrounding words are the head words of their otispephrase, and syntactic relations is the

relationship between the POS of the target word and the P@S sifrrounding words.

(Ng and Lee, 1996) use the morphology as a feature in thetiersys conjunction with POS and compare
it with the verb-object syntactic relation. A verb-objeghtactic relation exists if the target word is the
head word of a noun phrase and the word immediately precedenghrase is a verb. (Lee and Ng, 2002)
and (Lee, Ng, and Chia, 2004) use the noun syntactic relattween the POS of the target word and the
surrounding words. The noun syntactic relation depend$erPOS of the word. If it is a noun, there are
four features, its parent headword, the POS and voice oféhdword and its orientation to the headword.

Orientation is the whether the headword is to the left or tgbtrof the target word. (Lee, Ng, and Chia,
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2004) also uses the POS of the surrounding words. (Leroy &mflBsch, 2004) use the POS of the target
word and whether the target word is a head word. (MohammadPaddrsen, 2004) use variations of head
word and POS of the target word and surrounding words in feature sets. The feature sets that returned
the best accuracy are i) POS of the specified surroundingsyoydhe head word of the phrase containing
the target word, iii) the head word of the target word’s paghrase, iv) the POS of the head word of the
phrase containing the target word and v) the POS of the headl e¥dhe target word’s parent phrase.

Researchers have incorporated two semantic features angsgd WSD systems: semantic type and se-
mantic relations. A semantic type is a broad subject categtion assigned to a sense (UMLS concept)
such as the semantic type of the word “pacemaker” is “Meddealice”. A sense may have more than one
semantic type. A semantic relation is a relationship betwsmmantic types. For example, the semantic

relation between the the semantic types “Manufactured d@&vnd “Medical Device” is “is-a”".

(Leroy and Rindflesch, 2004) introduce a supervised WSDesyshat disambiguates word in MEDLINE
abstracts by mapping them to their appropriate sense (pnicethe Unified Medical Language System
(UMLS). (Leroy and Rindflesch, 2004) use the following setitafeatures: i) the semantic types of the
words surrounding words the target word at the phrase ledesantence level, and ii) the UMLS Semantic
Network relation between the semantic type of the targedvesrd the semantic type of the surrounding
words. They authors split the relations into two seig¢ relations anchon-core relations due to their hier-
archical nature. Theore relations are hierarchical, for exampl:a, conceptual-part-of, consists-of,
contains, andprocess-of. All other relations are identified asn-core relations. (Leroy and Rindflesch,
2004) use these relations in two different ways. First, ttesg to see if additional semantic knowledge
about the surrounding context of the word will increase tidqymance. They do this by using the-e and
non-core relations between the semantic types of the surroundinglsvagecond, they use there and
non-core relations between the semantic type of the target word amdemantic types of its surrounding

words.

In summary, feature selection is a difficult problem. (Yakswand Florian, 2003) note that there has not

been found a set of features that best disambiguates albanis words.
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3.1.3 Supervised WSD Results

Table 3 shows the the accuracy of relevant related work amdi#ita sets on which they were evaluated.
(Leacock, Towell, and Voorhees, 1993), (Mooney, 1996) dheldérsen, 2000) evaluate their system on
the “line” data set. (Ng and Lee, 1996) evaluate their systenthe “interest” data set. (Lee and Ng,
2002) evaluate their system on the Senseval-1 and SerAeSatiata sets. (Mohammad and Pedersen,
2004) evaluate their systems on the six data sets Senseval-$enseval-2LS, “line”, “hard”, “serve” and
“interest”, allowing them to be compared to all of the abdteeroy and Rindflesch, 2004), (Joshi, Pedersen,
and Maclin, 2005) and (Liu, Teller, and Friedman, 2004) eatd their systems on a subset of the NLM-
WSD data set. (Liu, Teller, and Friedman, 2004) also evatuttieir system on the “line”, “hard”, “serve”,

and “interest” data sets.

(Leacock, Towell, and Voorhees, 1993), (Mooney, 1996) &watiérsen, 2000) use the bag-of-words feature
and achieve an accuracy of 76%, 72%, and 88% respectivelphdmimad and Pedersen, 2004) report
a higher accuracy for “line” data unigram and bigram restiien the bag-of-words results reported by

(Leacock, Towell, and Voorhees, 1993) and (Mooney, 1996hbufor results reported by (Pedersen, 2000).

(Ng and Lee, 1996) evaluate bag-of-words and collocationthe “interest” data set finding that bag-of-
words performed worse than collocations. The accuracy @fctillocation results are better than (Mo-
hammad and Pedersen, 2004) unigram and bigram results. aficeéNg, 2002) evaluate unigrams and
collocations on the Senseval-1 and Senseval-2LS data sdisdiunigrams perform lower than colloca-
tions. The accuracy of the collocation results are alsodrigfian the Senseval-1 and Senseval-2LS unigram
and bigram results reported by (Mohammad and Pedersen).200dhammad and Pedersen, 2004) found
no difference in bigrams and unigrams for the Senseval-1Samdeval-2LS data sets and marginal differ-
ences for the remaining data sets. (Joshi, Pedersen, anthM2A05) feature set also includes unigrams
and bigrams (although only the unigram results reportetii;jiformat). They use unigrams that surround
the target word at the sentence level (s-unigrams) andaabdavel (a-unigrams). (Joshi, Pedersen, and
Maclin, 2005) found that the length of the sentences werestoall to identify significant bigrams in most
cases which may explain why their is very little difference(Mohammad and Pedersen, 2004) unigram

and bigram results.

(Lee and Ng, 2002) found using the POS of the surrounding svpedforms the same as the noun syntactic
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relations (srelation) with an accuracy of 70%. (Ng and L€96) system returned an accuracy of 77%
using the POS and morphology (M) features and 44% using tteolgject syntactic relation (VO relation).
(Mohammad and Pedersen, 2004) found that the POS of theuadimy words obtain a higher accuracy
than using only the POS of the head words and using the PO$ tdrdpet word obtains lower accuracy than
using whether or not the target word is a head word. (Mohamemdd®edersen, 2004) also found that using
the POS of the word of the phrase containing the target wdds(Bf Phrase) and the POS of the head word

of the target word’s parent phrase (POS of Parent) returgleehiaccuracy of just using the word itself.

A feature vector may contain different types of features.cRdy, 1992) was the first to use different
types of features in the same feature vector. (Lee, Ng, and, @804) use a combination of POS of the
surrounding words, unigrams, collocations and syntaefitions (srelation) reporting an accuracy of 65.6
on the Senseval-2LS and 72.4% on the Senseval-3LS data.afiohd and Pedersen, 2004) showed that
certain pairs of features were redundant and others conepliamy. A feature pair is redundant if it classifies
all the target words the same way and complementary if it doesThis is a crucial point when determining

what features to use.

(Leroy and Rindflesch, 2004) evaluate their system on a suabske NLM-WSD data set using the most
frequent sense as the baseline (55%). The accuracy is dinaulathe order of the features on the table.
The authors found a small improvement in accuracy over tlselivee using whether the target word was
a head word (Head) as a feature but found no substantialaserer decrease in performance when using
the target word’'s POS. When adding the semantic types ofufreusding words that occur in the same
sentences as the target word (ST sentence), the perfornrameases but when using the semantic types
of the surrounding words in the same phrase (ST phrase) theaay decreased. This shows that the sur-
rounding words at the phrase level do not contain enoughinirdtion to disambiguate the target word. The
non-core relations between the semantic types of surrounding waddsrélations) lowered the accuracy
of the system. Theore relations (C relations) did not but showed no improvemehe cbre andnon-core
relations between the semantic types of the target wordranddmantic types of the surrounding words (C
Sense Act. and NC Sense Act.) did not improve the accuradyea$ystem. (Joshi, Pedersen, and Maclin,

2005) show unigram feature performs better than the fesiused by (Leroy and Rindflesch, 2004).

(Liu, Teller, and Friedman, 2004) evaluate the performasforious algorithms using combinations of all

the different lexical features based on the surroundingde/and their orientation to the target word. The
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results show the feature set containing all words within @deiv size of three and their orientation, and the
three nearest two-word collocations performed best on tHd-M/SD subset. The feature set containing all
words within a window size of three and their orientatiore three nearest two-word collocations and the
surrounding words performed best on the general Englishhgkts. The accuracy of the results reported by
(Liu, Teller, and Friedman, 2004) are comparable to thoperted by (Joshi, Pedersen, and Maclin, 2005).
The results reported by (Leroy and Rindflesch, 2004) are moiparable to those reported by (Liu, Teller,
and Friedman, 2004) because they use different subsets dbiithl-WSD data.
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Table 3: Supervised WSD Results
Sensevﬁensevii‘line" “hard"|'serve’linterest| NLM- Sensev%l

1 2LS WSD 3LS
(Leacock, Towell, and Voorhees, 19 -of-words 76%
(Mooney, 1996) bag-of-words 72%
(Pedersen, 2000) bag-of-words 88%
bag-of-words 62%
(Ng and Lee, 1996) .
collocations 80%
POS + M 7%
VO relation 7%
unigrams 67% | 55% |75%)| 83%| 73% | 76%
(Mohammad and Pedersen, 2004) | .
bigrams 67% | 55% |73%)|89% | 72% | 79%
POS 68% | 55% |60%)| 85%| 76% | 80%
Head 64% | 52% |55%| 88%| 47% | 69%

Head of Pare"ntGO% 50% |60%| 85%| 57% | 68%
POS of Phrase 59% | 53% |54%| 82% | 41% | 55%
POS of Parent 58% | 53% |54%| 82% | 42% | 55%

POS+unigram 65.6% 72.4
(Lee, Ng, and Chia, 2004) +collocation
+srelation
unigrams 70% | 58%
(Lee and Ng, 2002) .
collocations | 74% | 61%
POS 70% | 55%
srelation 70% | 55%
. . a-unigrams 73%/85%
(Joshi, Pedersen, and Maclin, 2005 .
S-unigrams 76%/82%
i Head 58%
(Leroy and Rindflesch, 2004)
POS 58%
ST (phrase) 61%
ST (sentence 66%
NC relation 55%
C relation 56%
NC Sense Act. 60%
C Sense Act. 60%
(Liu, Teller, and Friedman, 2004)  |unigram + 90%| 92% | 92% | 92% 87%
bigrams +
orientation
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3.2 Unsupervised WSD Systems

There are at most two components to an unsupervised WSDhsysée Figure 3, Section 1): i) a module
that generates a feature set for the input data (this dossiaxall systems), and ii) the algorithm which
determines the sense of the ambiguous words. We classifysuparvised WSD system as knowledge-lean
or knowledge-enhanced depending on the external data ydbd bystem. A knowledge-lean unsupervised
WSD system uses the input data, and an external corpus. Vaatade of this system over a knowledge-
dependent system is that it is language independent. A leagetdependent supervised WSD system uses
the input data, an external corpus and is augmented with @nnek knowledge source such as machine

readable dictionaries (MRD), and ontologies.

In this section, we discuss two types of knowledge-lean aramiedge-enhanced unsupervised WSD sys-
tems: clustering, and parallel-text-based. We then coenpia results of the systems discussed in this

section.

3.2.1 Clustering

Clustering algorithms groups similar instances of targatds. There are three types of clustering algorithms
used in the papers discussed in this section: agglomerdiiisive, and partional algorithms. Agglomera-

tive algorithms start with each feature vector in a sepatiatgter and merge clusters. Divisive methods start
with all feature vectors in one cluster and split clusterd partitional algorithms divide the feature vectors

into a preset number of clusters. A clustering algorithmunes a feature set containing a feature vector
for each instance of the target word. The algorithm has twpsstfirst the feature vectors that share the
same sense are clustered together using a clusteringtatgpand second, the clusters are labeled with the

appropriate sense.

The problem that arises with clustering is that clusters atcatways correspond with the number of senses

and can produce very fine grained distinctions that are nibigirsense inventory.

Table 4 shows the features and the papers of four knowlexhge-insupervised WSD systems associ-
ated with those features. The features used are i) morphoidgpart-of-speech (POS), iii) first-order

co-occurrences, iv) first-order bigrams, v) second-ord@eoacurrences, vi) second-order bigrams, vii) un-
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Table 4: Unsupervised WSD Features

(Pedersen  and (Pedersen  and (Schitze, 1998) | (Purandare and
Bruce, 1997) Bruce, 1998) Pedersen, 2004)
Morphology X X
POS X X
) co-occurrences X X X
First-order _
bigrams X
co-occurrences X X
Second-order |
bigrams X
) Unrestricted X X
Collocations
Content X X

restricted collocations and viii) content collocations.

If the target word is a noun, Morphology is whether the nousirgular or plural. If the target word is a
verb, morphology is the tense of the verb. POS is the paspe&ch of the target word and/or surrounding
words. First-order co-occurrences are the number of timesrd co-occurs within a specified position to
the left or the right of the target word. First-order bigrafRsirandare and Pedersen, 2004) are similar only
for co-occurrences, only while the position of the word does matter it does for bigrams. The number
of times “forward march” occurs is equal to the number of mimarch forward” occurs. For bigrams,
this is not necessarily the case. A frequency cutoff is usdddlude only those word pairs that are above
a certain frequency. Second-order co-occurrences (3ehli®98) and bigrams (Purandare and Pedersen,
2004) utilize the first-order co-occurrences and bigrarspeetively. They are highly frequent words that
occur with the words in the first order co-occurrence mat8imilarly with first-order co-occurrences and
bigrams, the position of the position of the word does notendior co-occurrences but does for bigrams. A
collocation is the target word and a word occurring in a dpstposition to the left or the right of the target
word. There are two types of collocations that are used:smceed collocations and content collocations.
Unrestricted collocations use all the words within a spedifiosition to the right and the left of the target

word where content collocations only use the content words.

(Pedersen and Bruce, 1997) and (Pedersen and Bruce, 1898res feature sets: i) morphology, the POS
of the word to the left and the two words to the right of the éarggord and the first-order co-occurrence

of the 1st, 2nd and 3rd most frequent word, ii) morphologyestricted collocations with the two words
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to the left of the target word and right of the target word aidnorphology, the POS of the two words to
the left and right of the target word and the content colliocadf the word to the left and right of the target
word. (Pedersen and Bruce, 1997) note that the feature setsanie better at distinguishing between noun
senses than verb and adjective senses. (Purandare anddPe@®04) evaluate first-order co-occurrences,

second-order co-occurrences, first-order bigrams andhdeaaler bigrams.

3.2.2 Parallel Text-based

A parallel text consists of a source language text and itslaéion in some target language. The two texts
are said to baentence aligned it has been determined which sentences are translatioeaah other. A
sentence in the source text and its corresponding senteribe target text are calledsgntence pairThe
goal of such a system is to use the word translations to daterthe sense of ambiguous words in the data
set. An example of this is given by (Diab, 2000). The Englighravbank translates to the French word
banque, to meanfinancial institution as well as the French wordsve andbord to meanshore line.
Therefore, ifbord is seen as the translation aink in the parallel text then the sense of the English word

bank would beshore line rather thanfinancial institution.

(Diab, 2000) introduces a knowledge-enhanced unsuperié¢8D system that consists of four steps: i)

sentence align the source and target target data sets,rd)align the data sets using a machine translation
system, iii) using a taxonomy (such as WordNet) calculatediBtance between the senses of the words in
the target data set and assign a sense to each of the words) asd the senses from the target data set to

assign senses back to the source data set.

(Diab and Resnik, 2001) introduce a knowledge-lean unsigest WSD system that consists of four steps:
i) sentence align the source and target data sets, ii) gl@pords in the target data set that are translated
to the the same word in the source data set, iii) label themwvath a sense from the sense inventory, and

iv) project these labels back to the source data set.

(Bhattacharya, Getoor, and Bengio, 2004) introduce twawedge-enhanced unsupervised WSD systems:
“Sense Model” and “Concept Model”. The Sense Model makes#semption that the words in the target
and source data sets are a one-to-one translation of eagh ©this means that a single word in the source

data set translates to a single word in the target data set. middel predicts the sense of a word based
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on Equation 1 which is the calculation for the joint probapithat the word in the target data sét;;,,
and its translation in the source data 3&%;;, have the same sensg, The possible senses férand the

distributions are obtained from the sense inventory, WetdN

P(Wrp,Wsr,S) = P(Wrr|S)P(Wgr|S)P(S) 1)

The Concept Model does not make a one-to-one assumptiossutrees that there is possibility that many
words from the source data set could translate to many wartkeitarget. The data is still a word-to-word
translation but the the authors make the assumption thatifitended meaning of the target word does not
always match perfectly with the intended meaning of the smword.”. The Concept Model predicts the
senses of a word based on Equation 2 which is the calculatiothé joint probability of the word in the
word in the target data sel/’r;, and its translation in the source data 9&tSL, have the sensery,

and Sgr, and have the same concept, The possible senses férare obtained from the sense inventory,
WordNet. The distributions are obtained by “clustering 8panish senses and then clustering the English
and Spanish senses to build the concepts”. The words aterddgogether based on how similar they are

to each other. The authors use the similarity measure intextiby (Resnik, 1995) described in Section 3.3.

PWrr,Wsr,Str, Ssr, C) = P(Wrr|Stn)P(Wsr|Sst)P(Str|C)P(Ssp|C)P(C) (2

(Bhattacharya, Getoor, and Bengio, 2004) estimate thegoaiabilities by using Sense and Concept Model
with the Expectation Maximization algorithm (Dempsterjrdaand Rubin, 1977).

3.2.3 Unsupervised WSD Results (Accuracy)

Table 5 shows the results for the unsupervised WSD systesatsided above.

(Pedersen and Bruce, 1997) and (Pedersen and Bruce, 1%8atevtheir system using the “line” data
and the (Bruce and Wiebe, 1994) corpugi1). Their results both show that the feature set containing
Morphology(M), POS of the surrounding words and the contetibcations performed the best regardless
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Table 5: Unsupervised WSD Results

Paper

features

Mixl

ulineu

uhardu

“serve”

Senseva
2LS

- SemCo

I Senseva
2AW

- Miz2

(Pedersen and Bruce, 1997)

M + POS + First-order Co-occurrend
M + Unrestricted Collocations
M + POS + Content Collocations

€65.59
65.39
66.29

(Pedersen and Bruce, 1998)

M + POS + First-order Co-occurrend
M + Unrestricted Collocations
M + POS + Content Collocations

e

64.6%
65.7%
65.9%

(Purandare and Pedersen, 2004)

First-order Collocations
First-order Bigrams
Second-order Collocations
Second-order Bigrams

62%
68%
55%
38%

41%
87%
73%
63%

37%
46%
34%
31%

44%
44%
43%
47%

(Diab, 2000)

French (GP)
German (GP)
Spanish (GP)
Spanish (SP)
merged Spanish

71.4%
69.1%
70.5%
70.6%
76.9%

(Diab and Resnik, 2001)

French (GP)
Spanish (GP)
French (SP)
Spanish (SP)
merged French
merged Spanish

58.1%
57.9%
58.0%
60.0%
59.4%
59.4%

(Bhattacharya, Getoor, and Bengio, 2004

Sense Model
oncept Model
(Diab and Resnik, 2001)

62.59
67.29
61.89




of the clustering algorithm.

(Purandare and Pedersen, 2004) evaluate their systemthsiritine”, “hard”, “serve” and Senseval-2LS
data sets. They show that first-order bigrams perform beti¢ne “line”, “hard”, and “serve” data sets while
second-order bigrams perform best on the Senseval-2L Setta(Purandare and Pedersen, 2004) note that
Senseval-2LS is a smaller data set than the others which maydomething to do with the difference in
results. The authors also show that bigram features petbetter than co-occurrence features regardless of

the data set.

(Diab, 2000) evaluate their system using the SemCor datargktranslated it into French, German and
Spanish using Systran Professional 2.0 (SP) and GlobatimlePTranslator Prov v.6.4 (GP) machine trans-
lation (MT) packages. The results show that with 100% cayen accuracy of 71.4%, 69.1% and 70.5%
was achieved respectively for the French, German and Sp#misslations done by GP MT package. An
accuracy of 70.6% was achieved for the Spanish translations by the SP MT package. An accuracy of

76.9% was achieved for a merging of the Spanish translatdons by both systems.

(Diab and Resnik, 2001) evaluate their system using theesahAW data set and translated it into French
and Spanish using Systran Professional 2.0 (SP) and Gi&latwer Translator Prov v.6.4 (GP) machine
translation (MT) packages. The results show an accuracy.dPb and 57.9% was achieved respectively
for the French and Spanish translations done by GP MT packaAgeaccuracy of 58.0 and 60.0% was
achieved respectively for the French and Spanish trans&tilone by the SP MT package. An accuracy
59.4% was achieved for both the French and Spanish whenahsldtions were done by merging both

translation systems output.

(Bhattacharya, Getoor, and Bengio, 2004) evaluate theiesyusing the Senseval-1, Senseval-2AW, Senseval-
2LS, the Brown Corpus and the Penn Treebank Wall Street dlsusection 18-24NX/ix2). The authors
translated the data set into Spanish using Systran Profeds2.0 (SP), Globalink Power Translator Prov
v.6.4 (GP) and GIZA++ machine translation (MT) packagesthpdranslations were combined. They com-
pare their two systems with (Diab and Resnik, 2001). Thelteshow an accuracy of 61.8%, 62.5% and
67.2% for the authors implemenation of (Diab and Resnik120he Sense Model and the Concept Model
respectively. (Cabezas, Bhattacharya, and Resnik, 20@4)ate the Sense Model unsupervised WSD sys-
tem introduced by (Bhattacharya, Getoor, and Bengio, 2004y translate the Senseval-2AW data set into
Chinese, Spanish and French using the GIZA++ MT packagehgzs, Bhattacharya, and Resnik, 2004)

27



results show an accuracy of 44.5%, 44.4%, and 44.5% for tlee€é, Spanish and French translations.
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3.3 Knowledge-based WSD Systems

There is only one component in a knowledge-based WSD systeeKigure 2, Section 1). This compo-

nent is the algorithm which determines the sense of the arobigywords in the input data using external
knowledge sources and potentially augmented by a corpuswlkedge-based WSD system can be broken
up into five subsets: i) similarity or relatedness-basgdaintextual knowledge-based, iii) frequency-based,

iv) graph-based, and v) vector-based.

3.3.1 Similarity and Relatedness-based

Here, we discuss 14 knowledge-based WSD systems that oredepsimilarity and relatedness measures.
Similarity and relatedness measures assign a score to holarsor related two concepts are to each other. In
WSD, these are used to determine how similar or related thewwding words of the target word are to the
possible senses of the target word. These measures reggiuse of a ontology. The most commonly used
ontology is WordNet. WordNet is a machine readable dictipiwehose words are organized into concepts
that connected together through a variety of relations. Wenduish between similarity and relatedness
measures because concepts that are not similar can stdldted. For exampléyot andcold are related
but not similar. Therefore, similarity score between theauld be low while their relatedness score would
be high.

In this section, we discuss 14 similarity and relatednesssmes that have been used in WSD. We then dis-
cuss comparative analysis that have been made of thesene®ashe similarity measures are categorized
as: path-based measures and information content (IC) mesasthe path-based measures are: (Rada et al.,
1989), (Sussna, 1993), (Leacock and Chodorow, 1998),ntakti Karsligil, and Coskun, 2005), (Wu and
Palmer, 1994), (Agirre and Rigau, 1996), and (Hirst and 8¢«) 1998). The IC measures are: (Resnik,
1995), (J. Jiang, 1997) and (Lin, 1997). The relatednessunes are: (Lesk, 1986), (Cowie, Guthrie, and
Guthrie, 1992), (Banerjee and Pedersen, 2003) and (Pdtamra003).

Path-based Similarity Measures
Path-based measures are dependent on the length of theepaéieh two concepts; andc,, in an ontology.

(Rada et al., 1989) introduce the measure conceptual destaBonceptual distance is calculated as the
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shortest path between two concepts in an ontology. (Su$888) extended this measure by assuming that
the shortest path fromy to co may not be the same when going fremto ¢;. The authors take an average
of the shortest paths from both directions. (Leacock anddGraw, 1998) §im;.;)extend the conceptual
distance measure by taking the negative log of the shorthtgnd dividing it by twice the total depth
of the ontology D) as defined in Equation 3. (Altintas, Karsligil, and Coskg805) modified (Leacock
and Chodorow, 1998) implementation by introducing@ecF actor which takes into consideration the
specificity of a concept using its location within a clust@oncepts with close specificity values indicate

higher similarity than those that are not.

minpath(cy, c2)
2xD

(3)

simyen(c1,c2) = —log

(Wu and Palmer, 1994}{m.,,) introduce a measure that takes into consideration théaépivo concepts
in a ontology and the depth of their least common subsumeE}LThe LCS is the most specific concept
two concepts share as an ancestor. The measure is twice BeflLi@o concepts is divided by the sum of

their individual depths as defined in Equation 4.

' 2 % depth(les(c1, c2))
wu, ’ = 4
SiMaup (1, €2) depth(cy) + depth(cz) ?

(Agirre and Rigau, 19963¢m.4) introduce the measure conceptual density. This measkes tato con-
sideration both the depth of the individual concepts andstiwtest path between them. This measure is
defined in Equation 5 wherehyp is the mean number of hyponyms per nodeis the number of senses of

the target word andescendants is the total number of words within the hierarchy of wetd

m—1 -0.20

' o nhyp

simog(cy, cy) = =0 5
cd(c1, ¢2) descendants., X

(Hirst and St-Onge, 1998%d{m;.s;)introduce a measure that classifies the similarity betwaegair of
concepts as extra strong, strong, medium strong and weal.cdncepts are extra strong if their surface
forms are identical. Two concepts are strong if one of thegHollowing conditions are met: i) the path
between them is horizontal, ii) one of the concepts can besepted by a compound word that contains

the other concept, or iii) the path weight{u,;.s;) is at least some valugx C'. Two concepts are medium
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strong if the path weight is at leaét. The path weight is defined as some vaftieninus the length of the
path (pathLength) minus the weighted number of changegéctittn a path between two concepts as seen
in Equation 6. (Budanitsky and Hirst, 2001) and (Pedersangee, and Patwardhan, 2005) Ge¢qual to

eight andk equal to one this measure.

simpirst(c1, c2) = C — pathLength(cy, ca) — (k * thenumbero fdirectionchanges) (6)

Information Content Similarity Measures

Information content (IC) measures the specificity of a cphaea ontology. A concept with a high IC value
is more specific to a specific topic than one with a low IC val@®is formally defined as the negative log
of the probability of a concept. The probability of a conceptalculated using a large corpora such as the

British National Corpus.

(Resnik, 1995) modified information content to be used améagity measure. He defined the information
content of two concepts to be the information content ofrttegist common subsumer (LCS) as seen in

Equation 7. As stated above the LCS is the most specific cothweoncepts share as an ancestor.

simyes = 1C(les(cr, e2) = —log(P(lcs(c1, c2))) (7)

(J. Jiang, 1997) and (Lin, 1997) extended (Resnik, 1998j@rination content measure. (J. Jiang, 1997)
modified it to include the length of the path between the twoacepts as seen in Equation 8. (Lin, 1997)

modified it to include the individual information contenttbe two concepts as seen in Equation 9.

1

IC(c1) 4+ IC(ca) — 2% IC(Ies(cr, c2)) (8)

SUMjen =

2% IC(les(cq,¢2))
IC(Cl) + IC(CQ)

(9)

STMyin =

Relatedness Measures

The relatedness measures discussed in the literaturesee ba the overlap between the definitions (called

glosses when using the MRD WordNet) of two concepts. An ayed the longest sequence of one or more
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consecutive words that occur in both definitions. These areasan be applied to WSD task by looking at

the overlap between the words surrounding the target watdtengloss of the potential sense.

(Lesk, 1986) introduce a measure that determines the delass between two concepts by counting the
number of overlaps between two glosses. There are two timig to this measure: i) to calculate the
overlap for all possible senses and all possible words ispatationally infeasible and ii) the glosses are

typically very short and therefore may not contain enougdriayps to distinguish between multiple concepts.

(Cowie, Guthrie, and Guthrie, 1992) introduce a measurea¢aimulated annealing to alleviate the first
limitation. They use the simulated annealing optimizatitgorithm to approximate the results of calculating
all possible combinations of senses. Common words betwegnassible glosses of the target word and the

definition of the surrounding words normalized based on timalver of words in the definitions.

(Banerjee and Pedersen, 2003) introduce a measure tcaddiglie second limitation by not only looking
at the gloss of the concept but also the gloss of the relatedepts. (Patwardhan, 2003) extends this
approach further by representing the glosses (includiagytbisses of the related concepts) as vectors which

we discuss in the vector-based knowledge-based WSD systems

(Pedersen, 2004) use the measure introduced by (Baneddeeaersen, 2003) in his SenseRelate algorithm
that obtains the relatedness score between the words sdinguthe target word and each possible sense of
the target word. The scores are summed for each sense aratgheword is assigned the sense with the

highest score.
Comparative Analysis of Semantic and Relatedness Measures

Table 6 shows the semantic and relatedness measures useskhychers in knowledge-based WSD. There
are six papers and fourteen measures discussed in thisrseefich paper compares at least two measures

on various test sets. The order of the papers in the tableliiorder they are discussed below.

(Pedersen et al., 2006) compare all of the path-based amthiafion measures and the relatedness measures
(Patwardhan, 2003) on a biomedical/clinical test set ofrfbiguous words. The authors use SNOMED-CT
(Systematized Nomenclature of Medicine, Clinical Termgjoh is an ontology in the clinical domain the
Mayo Clinic corpus of clinical notes to obtain the probdl®b for the information content measures. They

report (Patwardhan, 2003) outperforms all other algorithm
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Table 6: Semantic and Relatedness Measures used in Knenedgd WSD Systems

measure (Pedersen et (Pedersen, (Altintas, (Budanitsky | (Agirre and| (Caviedes
al., 2006) Banerjee, and Karsligil, and Hirst, | Rigau, 1996) | and Cimino,
Patwardhan, | and Coskun, 2001) 2004)
2005) 2005)
(Leacock and Chodorow, 1998) 0.47 .23/.14 .32 .82/.84
Path-based (Wu and Palmer, 1994) .30/.04 .33
Similarity (Hirst and St-Onge, 1998) .20/.05 .741.79
Measures (Agirre and Rigau, 1996) .70
(Altintas, Karsligil, and Coskun, 20085) .35
(Sussna, 1993) .65
(Rada et al., 1989) .60-.77
Information (Resnik, 1995) 0.55 .30/.05 .30 771.78
Content (J. Jiang, 1997) 0.55 .35/.12 31 .85/.78
Similarity Measureg (Lin, 1997) 0.69 .33/.06 .38 .83/.82
Relatedness (Lesk, 1986) .28/.13/.18
Measures (Banerjee and Pedersen, 2003) .41/.20/.23
(Cowie, Guthrie, and Guthrie, 1992)
(Patwardhan, 2003) 0.76 .29/.19/.22
Metric ‘ Correlation F-measure Precision Correlation Precision Correlation
Data Set Clinical Data | Senseval-2LS| Senseval-2LS| R&G/M&C Time Data Biomedical

Data




(Pedersen, Banerjee, and Patwardhan, 2005) compare dnenatfion content measures (Resnik, 1995) and
the relatedness measures (Lesk, 1986), (Banerjee andsBed2003) and (Patwardhan, 2003). The authors
use WordNet for their ontology and the British National Qs@and SemCor as their external corpus to
obtain the probabilities for the information content semily measures and relatedness measure (results re-
ported above are using the British National Corpus). Thieastrun each of the measures on three tests sets
comprising of nouns, verbs and adjectives from the Sengh&ldata (we report the results as noun/verb
and noun/verb/adjective when applicable). Since the &dgscin WordNet are not hierarchical, only the
relatedness measures and (Hirst and St-Onge, 1998) caretle Ui$ie results show that for nouns and
verbs, (Banerjee and Pedersen, 2003) significantly pesfdretter than the other measures.For adjectives,

(Patwardhan, 2003) and (Banerjee and Pedersen, 2003)foutpehe other measures.

(Pedersen, Banerjee, and Patwardhan, 2005), (Altintassligi§ and Coskun, 2005) and (Budanitsky
and Hirst, 2001) compare the path-based similarity meas{i@st and St-Onge, 1998), (Leacock and
Chodorow, 1998), and (Resnik, 1995), the information aangmilarity measures (J. Jiang, 1997) and
(Lin, 1997). (Budanitsky and Hirst, 2001) found using theretation data from Rubenstein & Goodenough
(R&G) and Miller & Charles (M&C). that (J. Jiang, 1997) ande@cock and Chodorow, 1998) respectively
outperformed the other measures. (Pedersen, Banerje®awdrdhan, 2005) results agree with (Budan-
itsky and Hirst, 2001) showing that (J. Jiang, 1997) perfothe best out of the other measures using the
Senseval-2LS data set. This is contrary to (Altintas, Kgitslhnd Coskun, 2005) results who report (Lin,

1997) performs better using the same data set.

(Agirre and Rigau, 1996) show that their conceptual densigasure performs better than (Sussna, 1993)
from the Time Collection compiled by (Sussna, 1993). (Cdeteand Cimino, 2004) apply the conceptual
distance measure (Rada et al., 1989) on the UMLS. They mddifeemeasure by limiting the type of links
that can be used when calculating the shortest path betweeconcepts in the UMLS.

3.3.2 Contextual Knowledge-based

Here, we discuss three knowledge-based WSD systems tlwgporate contextual knowledge. The contex-

tual knowledge used is: simulated annealing, selectior@kpences, and subject codes.

(Yarowsky, 1992) introduce a knowledge-based WSD systanubes subject codes called categories from
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the Roget Thesaurus. He calculates the mutual informafieach of the surrounding words given the cate-
gory of each of the possible senses of the target word. (Yaepwl992) sums the log of this score for each
word in the sentence. The sense with the greatest sum isrchdbse authors test their algorithm on sen-
tences extracted from Grolier's Encyclopedia report apdmea mean accuracy of 92% when determining
the sense between three possibilities. (Yarowsky, 199®srthe the categories can also be obtained from

WordNet or the Longman Dictionary of Contemporary EnglisBQCE) subject codes.

(Stevenson and Wilks, 2001) introduce a knowledge-base® \84Stem that uses simulated annealing,
selectional preferences and the subject codes derivedddapting (Yarowsky, 1992) algorithm from using
Roget Thesaurus to LDOCE. Simulated annealing is discusasBection 3.3.1. Selectional preferences are
the preferred arguments that a specific verb takes. Thetieglakpreferences are used to disambiguate
nouns in the subject or object position by looking at the tgparguments that the verb takes. For example,
“objects of the verlzeat tend to be food items” (Manning and Schitze, 1999). Theaiity distributions

for the selectional preferences are obtained using LDOStEvénson and Wilks, 2001) report that subject
codes return a higher accuracy (79%) over simulated ame@io) and selectional preferences (45%) on
the SemCor data. Combining the models using the exempladbaarning algorithm TiMBL, the authors

report an accuracy of 94.65% at the homograph level and 99&the sense level.

(McCarthy and Carroll, 2003) introduces a knowledge-bas&D system that uses selectional preference
combined with the 'one-sense-per discourse’ heuristidgGahurch, and Yarowsky, 1992a). The pref-
erences they use are: subject, direct object, and adjeubue. The preferences are obtained using the
wide-coverage unification-based shallow parser develbgd@riscoe and Carroll, 1995). The authors use
the preference model “Tree Cut Models” (TCM) (Li and Abe, 898 determine the sense of a target word.
The distribution for the model is obtained from the Britisatdnal Corpus. (McCarthy and Carroll, 2003)
evaluated their system on the Senseval-2AW data set rega@tb1.1% accuracy when using the one-sense-
per-discourse heuristic and 52.3% otherwise. The restdtsiat directly comparable to (Stevenson and

Wilks, 2001) but they show similar results.

3.3.3 Frequency-based

Here, we discuss two knowledge-based WSD systems thatpioicie the frequency of the occurrence of

the target word and its surrounding words.
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(Mihalcea and Moldovan, 1999) introduce a knowledge-b&9&iD system that uses the frequency of word
pairs to determine their appropriate sense. Given an uethggrd pair {v1, w») that occur next to each
other in the sentence the system creates a list of similadsyey, for each sense abne of the words
using WordNet,w, for example. The system then forms,{v;) pairs and queries the internet for each
pair and ranks the pairs based on the number of documentaedtbby a search engine (the authors use
AltaVista). This will rank the senses af,. The same thing is done for word,;. If the (wy,w-) is not

a verb-noun pair then the highest ranking sense is returttentvaise theconceptualdensity (Agirre and
Rigau, 1996) (described above) is computed using Equationwherecc,,, ., is the number of common
concepts betweemn; andw, in WordNet,hy, is the level of nourk in the hierarchy ofv; anddescendants,,,

is the total number times is in the hierarchy. (Mihalcea and Moldovan, 1999) evaluihtgr system on

the SemCor data set reporting an overall average of 80.1%.

C
Zk Cwi,wa hk

logdescendants,,,

(10)

Cwl awe —

(Klapaftis and Manandhar, 2005) introduce a knowledgetad/SD system that uses WordNet to dis-
ambiguate a target word. WordNet concepts are connectedghrthe relationgiypernym, hyponym,
meronym, holonym and synonym. (Klapaftis and Manandhar, 2005) create a list of words ftopic
signatures collected from Google by querying the senteantaiming the target word. The words are sepa-
rated into groups based on if they are one, two, or three firdma the target word in WordNet when using
a specific relation. This is done for each relation creatibgtbups. For each group, the authors store the
store the sum of the words frequency in the groups correspgrtdbles (HyperFreq, HypoFreq, MeroFreq,
HoloFreq and SynmFreq). (Klapaftis and Manandhar, 200&) ttalculate a “target word score” by taking
the average of the results returned from Equations usingtiems 11, 12, and 13. This is repeated for each
possible sense of the target word using the senses defifgioss) from WordNet instead of the sentence.
This creates a “sense score” for each possible sense. Tiettaord is assigned the sense whose sense score
is closest to the target word score. (Klapaftis and Manand®@05) evaluate their system on the SemCor

data set reporting an overall average of 58.9%.

Z?:l a; Hyper Freqli]
?:1 HyperFreq(i]

Hyper = (11)
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>3 aiHypoFreq(i]
21 HypoFreqli]

Hypo = (12)

aiMeroFreq+ agHoloFreq + asSynmFreq

MHS =
MeroFreq+ HoloFreq + SynmFreq

(13)

Graph-based

Here, we discuss two graph-based knowledge-based WSDrss/stdne concept of a graph-based knowledge-
based WSD system is that each node in the graph representse afea specific word. The nodes are
connected based on their probability of occurring togethibe probabilities are then used to pick the most

probable set of labels for a sequence of words.

(Mihalcea, 2005) introduce a knowledge-based WSD systatnctinsists of three steps. In the first step, a
label dependency graph is constructed by creating an edgede all the nodes in the graph and assigning
the edge a “relatedness score”. The nodes consist of allbp®senses of the target word and the sense of
its surrounding words. The “relatedness scores” are oddairsing the (Lesk, 1986) relatedness measure.
(Lesk, 1986) calculates the relatedness between two nedeségs) based on their definitions obtained from
a machine readable dictionary (see Section 3.3. The autiserthe dictionary the Longman Dictionary of
Contemporary English (LDOCE). In the second step, the $adped assigned a “label score” using the graph-
based ranking algorithm PageRank. In the last step, thettargrds are assigned a sense by identifying the
node (sense) with the highest “label score”. To evaluate #ystem, (Mihalcea, 2005) use the Senseval-
2AW, Senseval-3AW and a subset of SemCor. The author obkaitt.3% accuracy on the Senseval-2AW
data set, 52.2% on the Senseval-3AW data set, and 56.5% @eth€or data set.

(Navigli and Velardi, 2005) introduce an iterative knowdedbased WSD system, SSI. The SSI system
iteratively steps through a sentence assigning a sensetioceatent word. Initially, only words that are
unambiguous are assigned a sense. In subsequent iter#timtarget word is assigned a sense if there exists
a relation between previously assigned senses and thdjgossises for the target word. The authors used
the machine readable dictionary WordNet whose conceptsaameected through the relatiohgpernym,
hyponym, meronym, holonym andsynonym. The authors evaluate their system using the Senseval-3WN
data set and obtained an accuracy of 86.0% for nouns, 69 .4%os and 78.6% for adjectives. This results

in an overall accuracy of 78%.
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3.3.4 Vector-based

Here, we discuss three vector-based knowledge-based Ws&nsy that use different knowledge sources:
(Patwardhan, 2003) uses the MRD WordNet, (Humphrey et @6Puse the ontology UMLS, and (Mo-

hammad and Hirst, 2006) use the MRT Macquarie’s Thesaurus.

(Patwardhan, 2003) introduces a knowledge-based WSDnsysthed “vector measure”. A co-occurrence
matrix containing the log likelihood between each word iniveg machine readable dictionary and the
words it co-occurs with in a given corpus is created. A coso@nce matrix is a generic term for a matrix
where the columns contain the information extracted froerktiowledge source (in this case words from the
dictionary) and the rows contain the words from the inpuaidat cell i in the matrix contains information
about the co-occurrence of the columrow i pair. In this case, the information is the log likelihood loét
two words occurring together in a corpus. From the infororatn the co-occurrence matrix, a sense vector
is created for each possible sense of a target word. Therveatdains an average of the log likelihood
between each of the words in the sense’s definition and eattte affords it co-occurs with in a specified
corpus. Similarly, a target word vector is created contejran average of the log likelihood between the
words surrounding the target word and the words they cofowsfh in a corpus. The target word vector
and its corresponding sense vectors are generated for sdafueous word in input data. This set is passed
to the algorithm which uses the cosine metric between tigetavord vector and each of its sense vectors.
The sense of the vector with the smallest angle is assigntetmrget word. This is done for each target

word vector in the feature set.

(Pedersen, Banerjee, and Patwardhan, 2005) and (Pede¢rabn2006) evaluate (Patwardhan, 2003) in
the general English and clinical domain respectively. ka gleneral English domain, they used the MRD
WordNet. In the biomedical domain, they use SNOMED-CT (8yettized Nomenclature of Medicine,

Clinical Terminology), an ontology covering the clinicabmdain. (The authors compared their results to

several knowledge-based systems - see Similarity anddrielass Measures in this section.)

(Humphrey et al., 2006) introduce a knowledge-based WSEesyto be used to disambiguates words in
MEDLINE journals by MetaMap. MetaMap is a program that majmsriedical text to concepts in the
UMLS Metathesaurus (see Section 5.1 and 2.3.1). MetaMaermily uses a partial matching program,
Medical Text Indexor (MTI), to determine the appropriatencept of a word. (Humphrey et al., 2006)
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propose an system called “Journal Descriptor Indexing)(@Dsemantic type (ST) documents”. JDl is a
ranking algorithm that automatically assigns Journal Dpgwrs (JD) to journal titles inorder to maintain
a subject index of all journals in MEDLINE. JDs are terms the¢ assigned to a journal that describe
the type of articles it contains such as “Cardiology” andrgguy”. The authors apply the JDI algorithm
to semantic types. A semantic type is a categorization ofre&ejut for exampleprganism. A concept
may have more than one semantic type. A ST document is a set¢t@ithvdsaurus words associated with a
particular semantic type in the Semantic Network. This &ated by extracting single word Metathesaurus
terms that are a assigned a specific semantic type. An STrfectach semantic type is created containing
its “Majority Percentage”. The “Majority Percentage” (nseiee) is the number of times the word occurs
in “phrases corresponding to UMLS concepts assigned tleaifspsemantic type” (Humphrey, Rindflesch,
and Aronson, 2000) divided by the number of times the wordicci “phrases corresponding to UMLS
concepts” (Humphrey, Rindflesch, and Aronson, 2000). Adiawgprd vector is created using the words
surrounding the target word instead of the MetathesaurussteAs in (Patwardhan, 2003), the target word
vector and its corresponding sense vectors are generateadb ambiguous word in input data. This set
is passed to the algorithm which uses the cosine metric leetwach of the ST vectors and the target word
vector is calculated. This is done for each target word vdnotthe feature set. The main problem with this
system is that two possible concepts may have the same sergu&(s) which would not allow for this
system to work. The authors evaluate their system usingsesolithe NLM-WSD data set and achieve an
overall accuracy of 68.26%. This subset is the same useddrpyland Rindflesch, 2004) who obtained a
65.6% accuracy evaluating their supervised WSD systemS3seton 3.1).

(Mohammad and Hirst, 2006) introduce a knowledge-based \8A&iem that introduces the concept of
a Dominance metric. They create a co-occurrence matrix containing timaber of times a word occurs
within a specified distance of a category in a given corpusatdgory is obtained from the machine readable
thesaurusMacquarie, and the frequency information is obtained from the Brifidtional Corpus. The
co-occurrence information is used to calculate the assogi®etween the words in the vocabulary and
the thesaurus categories (senses). The authors analyzedasures of association Dice, Cosine, Pointwise
Mutual Information (pmi), Odds Ratio (odds), Yule’s cosiffiat of colligation (yule) and Phi Coefficienp).

The use of measures of association is similar to (Patward@08) who use the log likelihood association
measure. A feature vector is created for each possibleastésense) of a target word. The vector contains

the association of the words surrounding the target worddlegory. This is stored in the input data feature
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set.

The Dominance of a category is calculated based on the association saomestifie vectors stored in the
feature set. The category with the highéstminance score is assigned to the target word. The authors
give four different equations that can be used to calculaetominance: i) the normalized sum of the
association scores between the surrounding words and tegocg; ii) the maximum association of the
surrounding words and the category divided by the numbeuiwbanding words; iii) the normalized sum
of the association scores between all possible surroundorgls of a target word and the category (all
possible surrounding words is a union of all surroundingdsaro-occurring with in a specific distance of
the target word in the entire corpus not just in the senteree) iv) the maximum association of all possible

surrounding words of a target and the category.

(Mohammad and Hirst, 2006) evaluate their system on theevah4 data set. They did not give overall
accuracy results for the entire dataset. They instead tegbtine accuracy of word groupings based on the
number of possible senses, for example, words that contdynome sense are grouped together, those that
contain two are grouped together. The authors showedXhatinance calculations one and three outper-
form calculations two and three. The odds ratio, pmi, andeutoefficients did not return significantly

different results and significantly outperform the dicefiomnt and cosine.

3.3.5 Knowledge-based WSD Results

Table 7 shows the results for the knowledge-based WSD sgstiscribed above. We only compare the
relatedness-based systems introduced by (Banerjee artsBed2003) due to its performance and compa-

rability with other systems. A more indepth analysis of tifeedent measures is discussed above.

The contextual knowledge-based system introduced byé8semn and Wilks, 2001) performs with a 90.37%
accuracy on the SemCor data set. The authors use a comhinégsabject codes, simulated annealing and
selectional preference. The system is comparable to thedrey-based systems introduced by (Mihalcea
and Moldovan, 1999) and (Klapaftis and Manandhar, 2005)aé&dorm with an 80.1% and 58.9% accuracy

respectively.

The graph-based system introduced by (Mihalcea, 2005pmasf with a 55.3% accuracy on the Senseval-
2AW data set. This system is comparable to the contextuaikautlge-based system introduced by (Mc-
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Table 7: Knowledge-based WSD Results

Contextual Knowledge

Frequency-based

Graph-based

Vector-

based

Relatedness-based

(Yarowsky,
1992)

(Stevensorn
and Wilks,
2001)

(McCarthy
and Car-
roll, 2003)

(Mihalcea
and
Moldovan,
1999)

(Klapaftis
and Man-
andhar,
2005)

(Mihalcea,

2005)

(Navigli
and \Ve-
lardi,

2005)

(Patwardhar
2003)

,(Humphrey
et al.,
2006)

(Banerjee
and Peder-
sen, 2003)

(Pedersen,
2004)

subset

Groiler’s

92

SemCor

90.37

80.1

58.9

subset

SemCor

56.5

Senseval-
2AW

52.3

55.3

Senseval-

3AW

52.2

Senseval-
3WN

78.0

Senseval-

2LS

23.3

28.0

Senseval-
3LS

40.3

NLM-
WSD

68.3

Metric

Accuracy

Accuracy

Accuracy

Accuracy

Accuracy

Accuracy

Accuracy

F-measure

Accuracy

F-measure

Accuracy




Carthy and Carroll, 2003) that perform with 52.3% accurgbihalcea, 2005) also evaluated their system

on the Senseval-3AW data set and report a 52.2% accuracy.

The relatedness-based system introduced by (Banerjee eawrden, 2003) performs with a 28.0% F-

measure on the Senseval-2LS data set. This is comparable teettor-based measure introduced by
(Patwardhan, 2003) that performs with a 23.3% F-measure. rélatedness-based system introduced by
(Pedersen, 2004) reports an accuracy of 40.3% on the SéRévaata set. This system uses the related-

ness measure introduced by (Banerjee and Pedersen, 2003).
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3.4 Bootstrapping WSD Systems

A bootstrapping WSD system automatically creates serggethtraining data using an unsupervised WSD

system for a supervised WSD systems (see Figure 5, Section 1)

(Yarowsky, 1995) introduce a bootstrapping WSD systemubkas two heuristics: i) “one sense per collo-
cation” and ii) “one sense per discourse. One sense percatithm is based on the assumption that “nearby
words provide strong and consistent clues to the sense afet taword, conditional on relative distance,
order and syntactic relationship. “One sense per discbigdased on the assumption that as the sense of a
“word is highly consistent within any given document”. Thgystem as five steps: i) identify all instances
of ambiguous words in a corpus, ii) for each possible sensmaoi target word in the corpus, identify a
small set of training example that are representative dfsdase (this step can be done manually), iii) train
the supervised WSD system’s algorithm using the small sétaofing examples, iv) run the supervised
WSD on the remainder of the corpus applying the one senseoflecation and discourse heuristics, v) add
those instances that are tagged with a high confidence toethte set, and vi) repeat until all words have
been tagged with high confidence. This final set is then us&ditoto retrain the supervised WSD system
and tag the input data. (Yarowsky, 1995) evaluates his syBt@m a data set extracted from a 460 million
word corpus containing news articles, scientific abstragisken dialog and novels. They report an average

performance of 97% accuracy.

(Mihalcea, 2002) introduces a bootstrapping WSD systermdbasists of six steps: i) create a seed set
from sense-tagged instances in SemCor, example sentancedNordNet and data from (Mihalcea and
Moldovan, 1999), ii) for each sentence in the seed set qireryveb and extract sentences that contain the
target word associated with the queried sentence, iv) peifiSD on the extracted sentences using the seed
set as training data using (Mihalcea and Moldovan, 2000\eage-based WSD system, and v) add the
sense-tagged extracted sentences to the seed set and (&fibalcea, 2002) evaluates her system on the
target words “art”, “chair”, “church”, “detention” and “ti@n” from the Senseval-2LS and Senseval-2AW

data set reporting an overall accuracy of 74.3%.
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Table 8: Qualitative Analysis of WSD Systems

SensevalSensevdlSensevalSenseval
2LS 2AW 3LS 3AW
. (Lee and Ng, 2002) 74.0%
Supervised WSD systems .
(Lee, Ng, and Chia, 2004) 65.6% 72.4%
Bootstrapping WSD systems | (Mihalcea, 2002) 74.3%
(Diab and Resnik, 2001) 60.0%
Unsupervised WSD systems | (Bhattacharya, Getoor, and Bengio, 2004) 44.5%
(Purandare and Pedersen, 2004) 47.0%
(McCarthy and Carroll, 2003) 52.3%
Knowledge-based WSD system{®edersen, 2004) 40.3%
(Mihalcea, 2005) 55.3% 52.2%

3.5 Overview of WSD Systems

Table 8 shows the accuracy of nine WSD systems discusseid #etttion. The results show that the problem
with unsupervised and knowledge-based WSD systems id#atio not perform as well as state-of-the-art
supervised and bootstrapping systems. The problem wittrgised and bootstrapping WSD systems is that
they are “less scalable than unsupervised methods bedaiseety on training data which may be costly
and unrealistic to produce, and even then might be avaifablenly a few ambiguous terms” (Widdows et
al., 2003). Figure 6 shows a qualitative analysis betweeratturacy and scaleability of the best scoring
WSD systems in Table 8.

A

55.3%
Knowledge-base:

WSD system

Unsupervised! 60.0%
WSD system

Scalability

74.3%
Bootstrapping
WSD system
Supervised
WSD system

74.0%

v

Accuracy

Figure 6: Qualitative Analysis of WSD Systems
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4  Preliminary Work

In this section, we discuss three research questions thaidaressed by our preliminary work.

(Joshi, Pedersen, and Maclin, 2005) use the unigram fe&dudésambiguate words in biomedical text.
The unigram feature consists of words surrounding the tavged with a high frequency while (Leroy and
Rindflesch, 2004) use the semantic type of the UMLS Concefpiecsurrounding words but not the concepts
themselves. This lead us to our first question: would usiegtMLS Concepts of the surrounding words

be an improvement over using the unigrams or semantic tyfptgae surrounding words?

(Humphrey et al., 2006) introduce an unsupervised WSD systadisambiguate words in biomedical text
that utilize Journal Descriptor Indexing. A Journal Degtor is a manually assigned tag to journals in the
National Library of Medicines’ List of Serials Indexed fomine Users. (Gale, Church, and Yarowsky,
1992a) 'one-sense-per discourse’ heuristic states thaisénces of a target word have the same sense in
a single discourse. This lead us to our second question:datbal Journal Descriptors themselves contain

enough information to disambiguate words in biomedical tsing a supervised WSD system?

(Joshi, Pedersen, and Maclin, 2005) use the SVM algoriththeir supervised WSD system while (Leroy

and Rindflesch, 2004) use the Naive Bayes algorithm in tlystes. (Joshi, Pedersen, and Maclin, 2005)
report better results than (Leroy and Rindflesch, 2004) lritalgorithms and the feature set are different.
This leads us to our third question: would changing the @lgor change the accuracy of the results if the

feature set remained the same?

4.1 UMLS Concepts

A UMLS Concept is defined as the “meaning” of a word in the UMLiSs one level of abstraction away
from the word itself. A given word may have multiple conceptsor example, the word “mole” could
mean the mammal or a benign melanocytic nevus of the skiniléBiynmultiple words can have the same
concept. For example, “exocytosis” and “secretion” both oeean the cellular release of material within

membrane-limited vesicles by fusion of the vesicles withdbll membrane.

The UMLS Concepts of the words surrounding the target woedaanotated in the NLM-WSD data set.

This data is in NLM-format. We converted the NLM data into XNtirmat for easier readability and then
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converted it to ARFF format required by the WEKA data-minparkage (Witten and Frank, 1999).

4.2 Journal Descriptors

A Journal Descriptor is a manually assigned tag to the jdsrimathe National Library of Medicines’ List
of Serials Indexed for Online Users. The journals in the @iinclude a majority of journals indexed in
MEDLINE which is where the NLM-WSD data originates. A joutnaay be given more than one descriptor.
All citations inherit the Journal Descriptors of their resfive journals. There currently exists 123 Journal

Descriptors; examples of these are “Cardiology” and “Suyfge

The Journal Descriptors are not annotated in the NLM-WSER dat. We obtained the Journal Descriptors
for the instances in NLM-WSD data set, using two step procdssst, we wrote software to automat-
ically query PubMed with the instances PubMed ID (PMID) thah be found in the NLM-WSD data
set. PubMed is a National Library of Medicine search engia tontains over 16 million citations from
MEDLINE and other biomedical articles dating back to the Q€5 We extracted the journal that con-
tained the instance from the query results. Second, werdatahe Journal Descriptors that correspond
to the journal from the “The List of Serials Indexed for Omditusers, 2006” we be downloaded from

www.nlm.nih.gov/tsd/serials/Isiou.html

4.3 Results and Discussion

In this section, we first discuss the results of using the UMld&cepts and Journal Descriptors as features.
We compared our results to those reported by the literathienvapplicable and a “majority sense” baseline
which is the accuracy that would be achieved if all the instgnwere classified to the sense with the greatest

number of instances. Second, we analyze the results of tiengaive Bayes and SVMs algorithms.

4.3.1 Surrounding UMLS Concepts

To address our first question, we compared the results @otaising the UMLS Concept feature with the
majority sense baseline and the best results obtained bgylamd Rindflesch, 2004) and (Joshi, Pedersen,

and Maclin, 2005) on the NLM-WSD data set using the same itgorused by the individual authors.
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(Leroy and Rindflesch, 2004) used the Naive Bayes algoritom the WEKA datamining package (Witten
and Frank, 1999) and (Joshi, Pedersen, and Maclin, 2008)theeSupport Vector Machine, SMO, from

the same package.

(Leroy and Rindflesch, 2004) best reported results are a icatitn of the following features: i) whether
the target word is the head word, ii) the POS of the head wandljig the semantic type of the words in the

same sentence as the target word. We refer to this comhintaioceforth as “LeroyR04”.

Table 9 shows a comparison between the baseline, LeroyR@4JMLS Concept (Concept) and a com-
bination of Concept and LeroyR04 (Combo). The baseline isnajérity sense” baseline which is the
accuracy that would be achieved if all the instances weligraad to the sense with the greatest number of
instances. The overall average results show that overalt€hi increases the accuracy of LeroyR04 by 5%
and Combo increases it by 8%. They also show unlike LeroyR84cept and Combo significantly € .05

andp < .01 respectively) improve the baseline results by approximdt®% and 18% respectively.

Table 10 shows a comparison between the baseline, the onigture using the surrounding unigram at
the sentence level (s-unigrams) and abstract level (aamig) (Joshi, Pedersen, and Maclin, 2005), the

UMLS Concept feature (Concept), the UMLS semantic typeuieatST) and the “bag-of-words” feature.

The unigram feature are the content words surrounding tigettavord that occur a specified number of
times in a specified window. The surrounding concepts (Quih@nd the surrounding semantic types (ST)
used by (Leroy and Rindflesch, 2004) can be viewed as comgglguabstracting away from the content
words in the sentence. The unigram feature uses the wordsséhees, the Concept uses the concepts of
the words and ST uses the semantic type of the concepts ofatiss wlable 10 show Concept improves on
the overall baseline results by approximately 13% but do¢gmprove upon the overall results reported by
(Joshi, Pedersen, and Maclin, 2005). Although the decrisasat significant, it is possible that the farther
abstracted away a feature gets from the individual wordfjtdee lower the accuracy obtained. If this was
the case, we would expect that using only the surroundinglsvior the sentence (“bag-of-words”) would
achieve better results than Concept. This is not the casgtthdbag-of-words” does not achieve a higher
accuracy than concept. Therefore, the frequency infoomatsed in the unigram feature may be important

to the disambiguation process.
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Table 9: UMLS Concept Results using Naive Bayes

target word ‘ baselin%LeroyROz* Concept Combo
adjustment 62 57 74 74
blood pressure 54 46 60 59
degree 63 68 74 74
evaluation 50 57 59 62
growth 63 62 63 66
immunosupressign 59 63 64 62
man 58 80 86 86
mosaic 52 66 67 75
nutrition 45 48 60 61
radiation 61 72 75 78
repair 52 81 74 78
scale 65 84 80 84
sensitivity 48 70 73 79
weight 47 68 67 79
white 49 62 76 82
overall average 55 65.6 70.13 73.27
versus baseline - +10% |+15% (p < .05)|+18% (p < .01)
versus LeroyRO4| — - +5% +8%
versus Concept - - - +3%
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Table 10: UMLS Concept Results using SVMs

target word ‘baseline% S-unigram a-unigrams ‘Concep# ST bag-of-word%
adjustment 62 70 71 72 56 72
blood pressure 54 62 53 53 49 52
degree 63 92 89 73 70 75
evaluation 50 62 69 63 a7 65
growth 63 63 71 60 55 65
immunosupression 59 72 60 63 57 58
man 58 92 89 85 61 86
mosaic 52 77 87 71 72 73
nutrition 45 63 52 52 51 41
radiation 61 69 82 70 66 60
repair 52 72 87 67 69 68
scale 65 80 81 79 63 79
sensitivity 48 76 88 73 65 76
weight 47 80 83 71 52 62
white 49 72 79 72 62 65
overall average 55 73.47 76.07 68.27 59.47 66.47
versus baseline - |+18% (p < .01)|+21% (p < .01)| +13% +4% +11% (
Versus s-unigram - - +3% -5% | -14% (p < .05) -6%
Versus a-unigram - - - -8% |[-17% (p < .025) -9%
versus Concept - - — — +9% +2%
versus ST - - - - - +7%
versus bag-of-words — - - - - -
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4.3.2 Journal Descriptors

To address our second question, we compared the resulieabtssing the Journal Descriptor feature with
the majority sense baseline. Table 11 shows that the bas®iiperforms the Journal Descriptor (JD) feature
by approximately 4%. A closer analysis of the data showsdhit 141 journals in 1970 were annotated
with a Journal Descriptor. Running the algorithm on onlystanstances that have a Journal Descriptor (JD-
subset) obtains an accuracy approximately 31% above tledifmsAnalysis of the subset though showed
that a majority of instances that contain Journal Desargpbt@ve the same sense. For example, the target
word “nutrition” contains 46 instances of the first sensepflthe second, 39 of the third and 12:afne of

the sense. Only 45 of the first sense, one of the second, thtiee third and zero of none of the senses have

Journal Descriptors associated with them.

Table 11: Journal Descriptor Results using Naive Bayes

target word ‘baseline% JD ‘JD-subse*t
adjustment 62 63 67
blood pressure 54 61 87
degree 63 68 92
evaluation 50 | 56 95
growth 63 39 95
immunosupressign 59 60 98
man 58 59 98
mosaic 52 56 98
nutrition 45 | 49 92
radiation 61 62 98
repair 52 54 96
scale 65 9 -
sensitivity 48 | 50 98
weight 47 34 85
white 49 51 86
overall average 55.2 |b1.4] 86.4
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4.3.3 Algorithm Results

To address our third question, we compared the Naive BaygsS&M algorithms on the three types of
features sets, lexical, syntactic and semantic. Table @&skhe performance of the features from each of

the three feature sets for the Naive Bayes and SVM algorithms

We compared the Naive Bayes and SVM using the “bag-of-wolelstal feature. This feature is used by
(Leacock, Towell, and Voorhees, 1993), (Mooney, 1996) d&etérsen, 2000) in their supervised WSD
systems. Our results show that there is not a significaneréifice between the accuracy returned by the

Naive Bayes and the SMV.

We compared the Naive Bayes and SVM using two syntactic festuhe head word of the target word, its
part-of-speech (POS), and a combination of the two. Thevididal overall results show that Naive Bayes
and SVM assigns the data with approximately the same agcwihen using the head information and the
POS information. When both sets of information was givea,Nlaive Bayes performed approximately 1%

better than the SVM.

We compared the Naive Bayes and SVM using two semantic festihe UMLS Concepts (Concept) of
the surrounding words, the semantic type (ST) of the sudimgnwords and a combination of the two (ST-
C). The individual overall results and the combined overgdults show that the Naive Bayes consistently

reports a higher accuracy than the SVM.

4.4 Preliminary Conclusion

We addressed three research questions in our preliminar: vijowould using the UMLS Concepts of
the surrounding word be an improvement over using the umgrar semantic types of the surrounding
words? ii) would the Journal Descriptors themselves cargabugh information to disambiguate words in
biomedical text using a supervised WSD system? and iii) doh&nging the algorithm change the accuracy

of the results if the feature set remained the same?

In addressing the first question, we introduce a new featiie & Concept that can be used for the WSD
task Table 13 shows the overall results for the baselinsh{J®edersen, and Maclin, 2005), (Leroy and

Rindflesch, 2004),the UMLS Concept and a combination of €@phand (Leroy and Rindflesch, 2004)
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Table 12: Supervised WSD Algorithm Results using Naive Bayed SVM

Lexical Features

Syntactic Features

Semantic Features

target word Naive |SVM Naive Bayes SVM Naive Bayes SVM

Bayes

bag-of- |bag-of- |head [POS head- |head |POS head- |ST Concept|ST-C  |ST Concept/ST-C

words  |words POS POS
adjustment 71 72 62 62 62 62 62 62 53 74 74 56 72 70
blood pressure |60 52 54 54 51 51 54 52 54 60 59 46 53 53
degree 73 75 66 63 66 67 63 67 64 74 74 70 73 76
evaluation 59 65 50 50 50 49 50 49 50 59 61 47 63 59
growth 68 65 63 63 63 63 63 63 55 63 63 55 60 59
immunosupressi 58 57 59 57 59 59 59 62 64 62 57 63 63
man 84 86 62 60 58 55 60 57 63 86 86 61 85 86
mosaic 79 73 52 52 46 52 52 52 75 67 73 72 71 73
nutrition 53 41 45 45 53 45 45 44 55 60 61 51 52 53
radiation 73 60 61 61 61 61 61 61 66 75 78 66 70 67
repair 74 68 57 52 58 58 52 57 68 74 79 69 67 67
scale 81 79 79 67 79 78 67 77 70 80 80 63 79 80
sensitivity 72 76 54 48 54 49 48 49 64 73 80 65 73 74
weight 71 62 66 61 66 54 61 59 67 67 76 52 71 68
white 63 65 49 53 49 49 53 53 63 76 82 62 72 78
overall average (69.93 [66.47 |58.47 [56.67 |58.20 [56.80 |56.67 |57.40 |61.93 |70.13 |72.53 |59.47 |68.27 |68.4




(LeroyR04). We showed that the surrounding UMLS concepteiases results reported by (Leroy and Rind-
flesch, 2004) (Leroy04) by 8% and significantly increased#seline results by 15%. This comparison was
done using the Naive Bayes algorithm because that is theithigioused by (Leroy and Rindflesch, 2004)
for their experiments. The results though were lower thanuhigram feature results reported by (Joshi,
Pedersen, and Maclin, 2005) but not significantly. This carispn was done using the SVM algorithm be-
cause that is the algorithm used by (Joshi, Pedersen, ankhlV2@05) for their experiments. The unigram
feature takes into account how often a surrounding wordes sdéth the target word which improves the

bag-of-words approach. We believe that a similar approaay melp improve the UMLS Concept results.

In addressing the second question, we introduce a new é&atwrnal Descriptors. We showed that using
the Journal Descriptor as features has potential but casayohow much due to the limited number of

journals in our data set that have a Journal Descriptors.

Table 13: Overall Feature Results

‘feature Naive Baye#SVM‘
baseline 55 55
(Joshi, Pedersen, and Maclin, 20p5) - 76.07
LeroyR04 65.60 -
Concept 70.13 |68.27
Concept + LeroyR04 73.27 |68.60

In addressing the third question, we compared two commoséd iSupervised WSD algorithms, Naive
Bayes and SVM, using feature from three different categoriexical features, syntactic features and se-
mantic features. Table 14 shows the overall results of targeriments and their — value. We found that

irregardless of the feature set neither algorithm perfarsignificantly better than the other.

Table 14: Overall Algorithm Results
‘feature se#Naive BayesSVM ‘ p-valu#‘

lexical 69.93 (66.47 >1
syntactic 58.20 [57.4Q0 >1
semantic 7253 1(68.40 >1
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5 Proposed Work

The thesis of the proposed work is to investigate technitueseate a scaleable WSD system that maintains
acceptable accuracy. In order to address this, we need abkraVSD system that returns reasonable
accuracy. Figure 7 shows a graph of the scalability versasracy of WSD systems. To date, state-of-
the-art a supervised WSD system returns the highest agchrtdienanual effort is needed to get sufficient
training data for each word that needs to be disambiguatéghgnthem intractable for large scale problems
such as information retrieval. Unsupervised and knowldalzgeed WSD systems do not require training
data allowing them to scale up for large scale problems hutndower accuracy.

A

o Goal
Knowledge-base:

Scalability | WSD system

Unsupervised
WSD system

Bootstrapping
WSD system
Supervised
WSD system

Accuracy

Figure 7: Scalability versus Accuracy of WSD systems

Our goal is to create a WSD system thabish scalable and achieves accuracy that is comparable to a
state-of-the-art supervised WSD system. The thesis leads a specific question: can WSD on Medline

abstracts be improved by incorporating knowledge from tML8?

Performing WSD on Medline abstracts is a large problem. Medk an online database that contains 11
million references to biomedical journal articles and aalgigroximately 8,000 new articles every week. The

words in each Medline abstract is mapped to a UMLS concephéybdncept mapping system, MetaMap.
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This allows researchers to query Medline for articles tlwatain specific concepts aiding them in finding
relevant articles. In order to ensure a contents word is @@ the appropriate concept, a scalable WSD
system is required. For example, the word “growth” has tlv@ecepts in the UMLS: “Growth Aspects”,
“Growth”, and “Tissue Growth”. Currently, MetaMap does matorporate such a system. They map a word

to a concept through a pattern matching algorithm using#xiariations of the words.

Figure 8 shows a diagram of our proposed knowledge-based gyStem. The system takes in Medline
abstract as input data and assigns each word in the abstssrisa (concept) from the sense inventory
UMLS. The words in the input data are disambiguated usingrimétion from biomedical articles and the

UMLS.

Biomedical
Journal Articles UMLS

Proposed Knowledge-based
| WSD System
| UMLS
v L Sense
Medline > Knowledge-based — P Tagged
Abstract WSD Algorithm Medline
Article

Figure 8: Proposed Knowledge-based WSD System

In the following sections, we discuss MetaMap in more detad then propose a WSD-enhanced MetaMap
system that incorporates our knowledge-based WSD systesrth® discuss how we plan to evaluate our
knowledge-based WSD system and the contributions of sugistara. Lastly, we discuss various ways

forward.
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5.1 MetaMap

MetaMap was developed to improve retrieval of biomedicttlkas such as MEDLINE citations. To date,
MetaMap does not have a WSD component in its system. (Arqrz@di) notes that a WSD component

would greatly improve the accuracy of the system’s mappings

Figure 9 shows the MetaMap system. It has five componentspriqgrocessor, the lexical variant gen-
eration (LVG) module, the candidate retrieval module, taedidate evaluation module and the mapping

construction module.

PreProcessor

Parsed Medline Abstract

y

TargiTerm in Abstract

For each Term

LVG

v

Varients

v

Candidate Retrieval

Possible MetaMap Concepts

# Concept
Candidate Evaluation |— P Tagged
Term

v

Concept Tagged Terms

v

Mapping Construction

Concept Tagged Medline Abstract

Figure 9: Current MetaMap System
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The preprocessor has three steps: i) the terms in the inpautada identified using the SPECIALIST Lexi-
con, i) the input data is part-of-speech tagged using th@XBOS tagger, and iii) the input data is parsed
using the SPECIALIST minimal commitment parser. The LVG mledyenerates variants for each term in
the input data using the SPECIALIST Lexicon. The candideteaval module, identifies potential concepts
from the Metathesaurus for each term in the input data. Amisteconcept is chosen because it contains at
least one of the variants in its string. For example: “VenadJlter” and “Stents” would both be possible
concepts for the term “inferior vena cava stent filter”. Tlhedidate evaluation module assigns a “Medical
Text Indexer” (MTI) score to each concept based on four aitecentrality, variation, coverage and cohe-
siveness. Centrality is whether the potential conceptainstthe head of the input data term. Variation is
the distance between the input data term and potential @an¢&ronson, 2001) do not specifically state
what metric is used except “an average of inverse distaraest Coverage is the length of the term versus
the concept. For example, the term “inferior vena cava dtkat’ contains five words while the possible
concepts “Vena Cava Filter” and “Stents” respectively aonthree and one. Cohesiveness is how contin-
uous the match between the term and the concept is. For egafoplthe term “inferior vena cava stent
filter” and the potential concept “Vena Cava Filter” have twords the consecutively overlap. The concept
with the highest MTI score is assigned to the associated. t€ha mapping construction module generates

the “Concept Mapped Medline Abstract”.

5.2 WSD-enhanced MetaMap System

Figure 10 shows a possible MetaMap system embedded withropoged knowledge-based WSD system.
The difference between the two systems is in @@ndidate Evaluatioomodule. This module is removed
and our proposed knowledge-based WSD system is put in ite plahe parsed Medline abstract and the
target word are read into the knowledge-based WSD systemsyi$tem determines the appropriate UMLS
concept (sense) of the word based on information from anreadteorpus of Medline articles and the UMLS

using thePossible MetaMap Concepés the sense inventory.
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Figure 10: WSD-enhanced MetaMap System
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5.3 Evaluation of Proposed Knowledge-based WSD System

To determine how well our proposed WSD system performs, we hahree part evaluation plan.

The first part is to evaluate our system against MetaMap ugiegNLM-WSD data set. To obtain the
performance of MetaMap, each instance of a target word ilNthil-WSD data set will be run through
MetaMap. The target word in each instance will be assignedvib® concept. We will determine the
accuracy of the system by comparing concepts tagged by Mgidd/ithe manually assigned concepts in the
data set. To obtain the performance of our knowledge-baseb #ystem each instance of a target word in
the NLM-WSD data set will be run through our system. The tawgmd in each instance will be assigned a
UMLS concept. We will determine the accuracy of the systerndimparing concepts tagged by our system
to the manually assigned concepts in the data set. This witldne twice, once using the sense inventory
from the NLM-WSD data set and a second time using the sensatiory from the MetaMajCandidate

Retrievalmodule. The accuracy of each system will be compared.

The second part is to evaluate our system against supeistol systems using the NLM-WSD data set.
Possible systems include our supervised WSD system destirsghe preliminary work (see Section 4), and
the supervised WSD systems introduced by (Leroy and Rirudif}e¥)04) and (Joshi, Pedersen, and Maclin,
2005).

The third part is to evaluate our system against knowledgeth WSD systems using the NLM-WSD data
set. Possible systems include the system introduced by pHrey et al., 2006).

5.4 Possible Ways Forward

There are a number of ways forward in our the proposed rdse&fere, we discuss some possible ways
that have arisen from our preliminary work and the relatedkwibat would contribute to the thesis. First,
we discuss what information from the external data soutd®&H, S and biomedical corpora, could be used

and second, we discuss how that information can be used glighmbiguation process.

59



5.4.1 Knowledge Source Information

In our preliminary work, we evaluated using the surroundifgLS concepts of the target word (Concept)
and Journal Descriptors as a feature in our supervised WSteray From this research and our discussion

of related work, five questions arose that may be useful irknowledge-based WSD system.

(Joshi, Pedersen, and Maclin, 2005) use unigrams as addattheir supervised WSD system. Unigrams
take into account how often a surrounding word is seen wehdlget word. We compared (Joshi, Pedersen,
and Maclin, 2005) supervised WSD system to our supervise®@Stem that used the UMLS concept of
the words surrounding the target word (Concept) as a feaieeshowed showed that Concept significantly
improves on the overall baseline results by approximat2¥ but does not improve upon the overall results
reported by (Joshi, Pedersen, and Maclin, 2005). We hypizth@ that it was possible that the farther
abstracted away a feature gets from the individual wordf jtdee lower the accuracy obtained. We tested
our hypothesize using the “bag-of-words” feature but fotimat Concept performed better than “bag-of-
words” by 2%. Based on these results, we conclude that tlogidérecy information used in the unigram
feature may be important to the disambiguation processs [Baid us to our first question: Would using
only the UMLS Concepts of the surrounding words that co-owdgth the target word with a high frequency

improve the results?

Words that co-occur together with a high frequency tend tadseciated in some way. Statistical measures
of association can be performed to determine the likelihofolivo words occurring together. This lead us
to our second question: Would using only the UMLS Conceptthefsurrounding words that are highly

associated with the target word improve the results?

Words that co-occur together with a high frequency also tenble related in some way. Similarity and
relatedness measures can be performed to determine thedredas of two words. (Caviedes and Cimino,
2004) introduce a measure to determine the similarity betwencepts in the UMLS (see Section 3.3).
This lead us to our third question: Would using only the UML&Cepts of the surrounding words that are

related to the target word improve the results?

Semantic types were shown by (Leroy and Rindflesch, 2004)ldachphrey et al., 2006) to perform well
on the WSD task. Like Concepts, semantic types is anothéurie#hat may benefit from incorporating

frequency, measures of association and/or similarity oreas This lead us to our fourth question: Would
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using only the semantic types of the surrounding words treat#her highly related, highly associated or

frequently co-occur with the target word improve the resilt

A Journal Descriptor is a manually assigned tag to the jdsiimathe National Library of Medicines’ List
of Serials Indexed for Online Users. The journals in the @iinclude a majority of journals indexed in
MEDLINE which is where the NLM-WSD data originates. In ouefminary work, we introduced Journal
Descriptors as a potential feature for a supervised WS2sysiVe showed that using the Journal Descriptor
as features may have potential but we can not say how muchodihe timited number of journals in our
data set that have a Journal Descriptors. Journal Desigte a coarse-grained feature. We felt that if they
performed reasonably well in a supervised WSD system tlegt¢buld be used in a coarse-grained filter to
narrow down the number of senses in a knowledge-based W®btalg. This lead us to our fifth question:

If we can get the NLM-WSD data set tagged with Journal Desargp how well would they perform in a

coarse-grained filter?

5.4.2 Knowledge-based WSD Algorithm

The vector-based knowledge-based WSD systems (see S8cBahdetermines the sense of a word by
taking the cosine between a target word vector and the pesséimse vectors. The closest sense of the
vector to the target vector (i.e. the sense vector with thallest angle) is assigned to the target word. We
believe that this approach may be a first step forward towesting our above questions on a knowledge-
based system. We would like though to investigate other wégetermining the distance between vectors

that contain information about the words from the knowledgerce or the information itself.

5.5 Proposed Contributions

Currently, there does not exist a WSD system that is botrableablnd achieves high accuracy. If our pro-
posed research is successful, a scalable WSD system thedesxheasonable accuracy would be beneficial

a number of users. For example: the blind, global compa@@esgle users, and biomedical researchers.

A text-to-speech system for the blind that converts booamfwritten text to speech would benefit from a
knowledge-based WSD system. Text-to-speech is the tagkodbiping the speech equivalent of written text.

The appropriate sense of a word is needed pronounce some waokrly. For example, the word “lead”,
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which is pronounced as [leed] to mean to take somebody sosrevand [led] to mean a toxic malleable
metallic element. Such a system would allow a blind indigido listen to a newly released novel without

waiting for it to become for it become a “book-on-tape”.

A machine translation system for global companies thatexdsytechnical documents from one language to
another would benefit from a knowledge-based WSD systemhiadranslation is the task of translating a
text from one language into another such as German to Englishappropriate sense of a word is needed to
to translate it properly. For example, the German word ‘&ibRit” translates to “confidence” or “security”.
Such a system would allow global companies to translate fineduct manuals from the standard, English,

French and German to any language their customer speaks.

An information retrieval system such as Google would beriefin a knowledge-based WSD system. In-
formation retrieval is the task of indexing, searching, egxhlling data. The appropriate sense of a word is
needed in order to query as well as return relevant docuntenit® user. For example, a set of documents
all with the word “bat” should be indexed based on whetherdbeument is talking about the “bat” that
flies or the baseball instrument. When querying for docusiabbut mammals that fly at night, documents

about baseball would not be returned.

A concept-mapping system such as MetaMap would benefit frenoaledge-based WSD system. Concept
mapping is the task of automatically linking a document tocapts (senses) in an ontology. The mapping
is done by linking content words in the document to their apgate concept in the ontology. In order

to do this accurately, the appropriate concept needs tododifidd. The concept mapping task is a very
similar to the information retrieval task. A researcherldaguery articles that contain one set of concepts
but do not contain another. For example, a researcher coeld dor articles about the protein “interferon-

«” specifying that the articles contain information aboueWdata on the expression levels in lymphatic

tissue” but not “new methods to get more expression levels”.
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