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Abstract

This paper describes techniques for unsupervised word semslisambiguation of En-
glish and German medical documents using the Uni ed MedicalLanguage System
(UMLS). We present both monolingual techniques which rely aily on the structure
of UMLS, and bilingual techniques which also rely on the avaability of parallel
corpora. The best results are obtained using relationshipsetween terms given by
UMLS, a method which achieves 74% precision, 66% coveragerfanglish and 79%
precision, 73% coverage for German on evaluation corpora anover 83% coverage
over the whole corpus. The success of this technique for Geren shows that a lexical
resource giving relationships between concepts used to iled an English document
collection can be used for high quality disambiguation in amther language.

Document retrieval experiments comparing models using seantic annotation
and disambiguation show that a search engine which retreive documents using the
semantic annotation with UMLS concepts is much more e ective than a baseline
search engine which indexes only tokens. In addition, addig the automatic disam-
biguation component to this search engine gave a small but l&@ble improvement
in precision at high-recall document retrieval.
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1 Introduction

This paper reports on experiments in monolingual and mulithgual word sense
disambiguation (WSD) in the medical domain using the Uni edMedical Lan-
guage System (UMLS). The work described was carried out asrpaf the
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MUCHMORE project ! for multilingual organisation and retrieval of medical
information, for which WSD is particularly important.

The importance of WSD to multilingual applications stems fom the simple
fact that meanings represented by a single word in one langgamay be rep-
resented by multiple words in other languages. The Englishord drug when
referring to medically therapeutic drugs would be translad asmedikamente
while it would be rendered asirogenwhen referring to a recreationally taken
narcotic substance of the kind that many governments prohibby law.

The ability to disambiguate is therefore essential to the tsk of machine trans-
lation | when translating from English to Spanish or from English to German
we would need to make the distinctions mentioned above andha&r similar
ones. Even short of the task of full translation, WSD should & crucial to im-
proving applications such as cross-lingual information teeval (CLIR), since

search terms entered in the language used for querying must Appropriately
rendered in the language used for retrieval.

Methods for WSD can e ectively be divided into those that regire manually
annotated training data (supervised methods) and those thalo not (unsu-
pervised methods) (Ide and \eronis, 1998). In general, sepvised methods are
less scalable than unsupervised methods because they ralyt@ining data
which may be costly and unrealistic to produce, and even thenight be avail-
able for only a few ambiguous terms. The goal of our work on disibiguation
in the MUCHMORE project is to enable the correct semantic anotation of
entire document collections with all terms which are potemlly relevant for
organisation, retrieval and summarisation of informatior{full "Sense Tagging'
as de ned by Stevenson (2003, Ch 1)), the lexicon of sensesnigeprovided
by UMLS). Therefore a decision was taken early on in the prage that we
should focus on unsupervised methods, which have the poteahtto be scaled
up enough to meet our needs. Instead of using methods whiclyren manually
annotated training examples, this need for scalability emziraged us to look
at other resources which were already available, includingonolingual and
bilingual corpora, knowledge bases and lexical resourcagls as GermaNet
(for general word senses) and UMLS (for the medical domain).

As with many “unsupervised' methods for disambiguation, #se methods still
rely heavily on external resources, but upon resources fohieh large amounts
of investment are readily provided independently of any pential uses for word
sense disambiguation. For example, one method for disambégion makes use
of the work that has gone into using UMLS concepts as a contletl vocab-
ulary for indexing the MEDLINE library, a process which is caied out by

medical experts. Thus a great amount of supervision has gomgo creating

1 http://muchmore.dfki.de



this knowledge source: nonetheless, for use in word sensaudibiguation, this
information comes to us for free. The same point could be madéany dictio-

nary based disambiguation system, such as the traditionalelsk method (Lesk
(1986)).

As well as the two methods described in this paper, automatidisambigua-
tion methods developed by the MUCHMORE project and descrilseelsewhere
include:

Collocational disambiguation, where the meaning of an indidual ambigu-
ous word (such asvessél can be determined by its occurence in a xed
expression such ablood vesse(Widdows et al., 2003a).

Domain-speci ¢ sense selection (Buitelaar and Sacalear2Q01), automati-
cally selects senses (i.e. synsets) on the basis of the ratee of their con-
stituent terms that co-occur within representative domaincorpora.
Instance-based learning implements a k-nearest neighbdgarithm, in which
sense disambiguation is treated as a classi cation taskgei.an ambiguous
word will be classi ed to the appropriate class (sense) gimea particular
context (Ste en et al., 2003).

The rest of this paper is arranged as follows. In Section 2 westribe the
lexical resource (UMLS) and the corpora we used for our expraents. We then
describe and evaluate two di erent methods for disambigu&in. The bilingual
method (Section 3) takes advantage of our having a translateorpus, because
knowing the translation of an ambiguous word can be enough tbetermine
its sense. UMLS relation based methods (Section 4) use rétauships between
terms in UMLS to determine which sense is being used in a patilar instance.

The method based on UMLS relationships, a descendent of Lisskarly dic-

tionary based method (Lesk, 1986), achieved excellent pigon and coverage
on both English and German corpora. It was therefore used as aomponent
in a cross lingual search engine, and gave modest but reli@bimprovements
in the precision of high-recall document retrieval. Theseesults are described
in Section 5.



2 Language resources used in these experiments
2.1 Lexical Resource | UMLS

The Uni ed Medical Language System (UMLS) is a resource thatontains lin-
guistic, terminological and semantic information in the mdical domain.? It
is organised in three parts: Specialist Lexicon, MetaThegsais and Semantic
Network. The MetaThesaurus contains concepts from more tha60 standard-
ised medical thesauri, of which for our purposes we only udgetconcepts from
MeSH (the Medical Subject Headings thesaurus). This deasi is based on
the fact that MeSH is also available in German. The semantimiormation
that we use in annotation is the so-called Concept Unique ldg er (CUI), a
code that represents a concept in the UMLS MetaThesaurus. Wensider the
possible “senses' of a term to be the set of CUI's which listishterm as a pos-
sible realisation. For example, UMLS contains the ternrauma as a possible
realisation of the following two concepts’

C0043251 Injuries and Wounds: Wounds and Injuries: traumé&au-
matic disorders: Traumatic injury:

C0021501 Physical Trauma: Trauma (Physical): trauma:

Each of these CUI's is a possible sense of the tetrauma. The term trauma
is therefore noted as ambiguous, since it can be used to exgganore than
one UMLS concept. The purpose of disambiguation is to nd outhich of
these possible senses is actually being used in each paféiceontext where
the term trauma is used.

CUI's in UMLS are also interlinked to each other by a number othesaural
relationships.* These include:

"Broader term' which is similar to the hypernymy relation inWordNet (Fell-
baum, 1998). In generalx is a "broader term' fory if everyy is also a (kind
of) x.

2 UMLS is freely available under license from the United Stats National Library
of Medicine, http://www.nlm.nih.gov/research/umis/

3 Each of the separate terms in these list can be a realisationfahe concept which
is de ned by their “intersection’: such a list of terms is thus equivalent to the notion
of a “synset' in WordNet (Fellbaum, 1998).

4 These thesaural relationships should be distinguished fim the semantic relations
of the UMLS semantic network which are between general semantic types for exam-
ple \drug treats diseasé rather than speci c instances. Recognising examples of
these general semantic network relations in particular doaments can also be used
to improve information retrieval (Vintar et al., 2003).



More generally, ‘related terms' are listed, relationship®cluding “is like', “is
clinically associated with'.

Cooccurring concepts, which are pairs of concepts which direked in some
information source. In particular, two concepts are regaetl as cooccur-
ring if they have both been used to manually index the same dament in
MEDLINE. We will refer to such pairs of concepts agoindexingconcepts.

2.2 The Springer Corpus of Medical Abstracts

The experiments and implementations of WSD described in thipaper were all
carried out on a parallel corpus of English-German medicatienti ¢ abstracts
obtained from the Springer Link web site> The corpus consists of approxi-
mately 1 million tokens for each language. Abstracts are fno41 medical jour-
nals, each of which constitutes a relatively homogeneous dneal sub-domain
(e.g. Neurology, Radiology, etc.). The corpus was automatlly marked up
with morphosyntactic and semantic information, as descileein (Vintar et al.,
2002). In brief, whenever a token is encountered in the corpthat is listed as
a term in UMLS, the document is annotated with the CUI under wich that
term is listed. Ambiguity is introduced by this markup process because the
lexical resources often list a particular term as a possiblealisation of more
than one concept or CUI, as with thetrauma example above, in which case
the document is annotated with all of these possible CUI's.

The number of tokens of UMLS terms included by this annotatio process is
given in Table 1. The table shows how many tokens were found bige an-
notation process, listed according to how many possible s&s each of these
tokens was assigned in UMLS (so that the number of ambiguouskens is
the number of tokens with more than one possible sense). Theegter num-
ber of concepts found in the English corpus re ects the fachat UMLS has
greater coverage for English than for German, and also thahére are many
small terms in English which are expressed by single words i would be
expressed by larger compound terms in German (for examtaeee+ joint =
kniegelenk Table 1 also shows how many tokens of UMLS concepts were in
the annotated corpusafter we applied the disambiguation process described in
Section 4, which proved to be our most successful method. Asndbe seen, our
disambiguation methods resolved some 83% of the ambigugtian the English
corpus and 87% of the ambiguities in the German corpus (we eefto this
proportion as the "Coverage' of the method). However, thiswy measures the
number of disambiguation decisions that were made: in ordéo determine
how many of these decisions were correct, evaluation corpoxere needed.

5 http://link.springer.de/



Number of Senses 1 2 3 4

Before Disambiguation
English 223441 31940 3079 56
German 124369 7996 O 0

After Disambiguation
English 252668 5299 568 5
German 131302 1065 O 0

Table 1
The number of tokens of terms that have 1, 2, 3 and 4 possible sses in the Springer
corpus

2.3 Evaluation Corpora

An important aspect of word sense disambiguation is the ewadtion of di erent
methods and parameters, some of which have become standsedi in the
SENSEVAL competitions (Kilgarri and Rosenzweig, 2000). Wfortunately,
there is still a lack of test sets for evaluation for languageother than English,
especially for speci ¢ domains like medicine. Given that suvork focuses on
German as well as English text in the medical domain, we had ttevelop our
own evaluation corpora in order to test our disambiguation mthods.

Because in the MUCHMORE project we developed an extensivetiat for lin-
guistic and semantic annotation (Vintar et al., 2002) that hcludes annotation
with UMLS concepts, we could automatically generate listsfall ambiguous
UMLS types (English and German) along with their token fregancies in the
corpus. Using these lists we selected a set of 70 frequentdgdor English (to-
ken frequencies at least 28, 41 types having token frequesxiover 100). For
German, we only selected 24 ambiguous types (token frequescat least 11,
7 types having token frequencies over 100) because there famger ambiguous
terms in the German annotation (see Table 1). We automatichl selected in-
stances to be annotated using a random selection of occurcen if the token
frequency was higher than 100, and using all occurrenceshiéttoken frequency
was lower than 100. The level of ambiguity for these UMLS tersnis mostly
limited to 2 senses; only 7 English terms have 3 senses.

Correct senses of the English tokens in context were chosgnthree medical
experts, two native speakers of German and one of English. &hGerman
evaluation corpus was annotated by the two German speaketsterannotator
agreement for individual terms ranged from very low to very igh, with an
average of 65% for German and 51% for English (where all thraanotators
agreed). The reasons for this low score are still under inigmtion. In some
cases, the UMLS de nitions were insu cient to give a clear dstinction between



concepts, especially when the concepts came from di erentiginal thesauri.
This allowed the decision of whether a particular de nitiongave a meaningful
‘sense' to be more or less subjective. Approximately half thfe disagreements
between annotators occured with terms where interannotatagreement was
less than 10%, which is evidence that a signi cant amount ohe disagreement
between annotators was on théype level rather than the tokenlevel. In other
cases, it is possible that there was insu cient contextualnformation provided
for annotators to agree. If one of the annotators was unabl® tchoose any
of the senses and declared an instance to be “unspeci ed'jstlalso counted
against interannotator agreement. Whatever is responstl our interannotator
agreement fell far short of the 88%-100% achieved in the rsSENSEVAL
(Kilgarri and Rosenzweig, 2000 x7), and until this problem is solved or better
datasets are found, this poor agreement casts doubt on thengeality of the
results obtained in this paper.

A “gold standard' was produced for the German UMLS evaluatiocorpus and
used to evaluate the disambiguation of German UMLS conceptshe English
experiments were evaluated on those tokens for which the aators agreed.
More details and discussion of the annotation process is #able in the project
report (Widdows et al., 2003b).

In the rest of this paper we describe the techniques that uselese resources
to build systems for word sense disambiguation. We compararaesults with
the evaluation corpora, and investigate the e ect of one offe methods in a
cross lingual information system.

3 Bilingual Disambiguation

The mapping between word-forms and senses di ers across gaages, and
for this reason the importance of word sense disambiguatidras long been
recognised for machine translation. By the same token, pairof translated
documents naturally contain information for disambiguaton. For example, if
in a particular context the English word drugs is translated into French as
droguesrather than medicaments then the English worddrug is being used to
meannarcoticsrather than medicines This observation has been used for some
years on varying scales. Brown et al. (1991) pioneered theeusf statistical
WSD for translation, building a translation model from one nilion sentences
in English and French. Using this model to help with translabn decisions
(such as whethemprendre should be translated asake or make, the number of
acceptable translations produced by their system increaséy 8%. Gale et al.
(1992) use parallel translations to obtain training and teting data for word-
sense disambiguation. Ide (1999) investigates the inforti@n made available
by a translation of George Orwell'sNineteen Eighty-fourinto six languages,



using this to analyse the related senses of nine ambiguousgiish words into
hierarchical clusters.

These applications have all been case studies of a handfulpafticularly in-
teresting words. The large scale of the semantic annotatiorarried out by
the MUCHMORE project has made it possible to extend the biligual disam-
biguation technique to entire dictionaries and corpora.

To disambiguate an instance of an ambiguous term, we consedkt the transla-
tion of the abstract in which it appeared. We regarded the traslated abstract
as disambiguating the ambiguous term if it met the followingwo criteria:

Only one of the CUI's was assigned to any term in the translateabstract.
At least one of the terms to which this CUI was assigned in thedanslated
abstract was unambiguous (i.e. was not also assigned anati@l).

3.1 Results for Bilingual Disambiguation

We attempted both to disambiguate terms in the German abstres using the
corresponding English abstracts, and to disambiguate tesin the English ab-
stracts using the corresponding German ones. In this coltem of documents,
we were able to disambiguate 1802 occurrences of 63 Englishris and 1500
occurrences of 43 German terms. Comparing this with the eualtion corpora
gave the results in Table 2°

Precision | Recall | Coverage

English | 81% 18% 22%
German | 66% 22% 33%

Table 2

Results for bilingual disambiguation

As can be seen, the recall and coverage of this method is ngpesally good
but the precision (at least for English) is very high. The Genan results contain
roughly the same proportion of correct decisions as the Eigl, but many more
incorrect ones as well.

6 In all of the results presented in this paper, Precision is tke proportion of deci-
sions made which were correct according to the evaluation e¢pora, Recall is the
proportion of instances in the evaluation corpora for whicha correct decision was
made, and Coverage is the proportion of instances in the evahtion corpora for
which any decision was made. It follows that

Recall = Precision Coverage



Our disambiguation results break down into three cases:

(1) Terms ambiguous in one language that translate as multi@ unambiguous
terms in the other language; one of the meanings is medicaldathe other
is not.

(2) Terms ambiguous in one language that translate as multi@ unambiguous
terms in the other language; both of the terms are medical.

(3) Terms that are ambiguous between two meanings that are dult to
distinguish.

One striking aspect of the results was that relatively few tens were disam-
biguated to di erent senses in di erent occurrences. This penomenon was
particularly extreme in disambiguating the German terms; bthe 43 German
terms disambiguated, 42 were assigned the same sense evieng tve were able
to disambiguate them. Only one termMetastase was assigned di erent senses;
88 times it was assigned CUI C0027627 (\The spread of cancesrh one part
of the body to another ...", associated with the English termMetastasisand
6 times it was assigned CUI C0036525 \Used with neoplasms tadicate the
secondary location to which the neoplastic process has msiasized", corre-
sponding to the English termsmetastasticand secondary. Metastase there-
fore falls into category 2 from above, although the distinabn between the two
meanings is relatively subtle.

The rst and third categories above account for the vast majoty of cases,
in which only one meaning is ever selected. It is easy to seeywthis would
happen in the rst category, and it is what we want to happen. Br instance,
the German termKrebsecan refer either tocrabs(Crustaceans) or tocancerous
growths it is not surprising that only the latter meaning turns up in the corpus
under consideration and that we can determine this from the nambiguous
English translation cancers

In English somewhat more terms were disambiguated multiple/ays: eight
terms were assigned two di erent senses across their ocamces. All three
types of ambiguity were apparent. For instance, the secongpe (ambiguity
between two medical concepts) appeared for the terAging, which can refer
either to aging people Alte Menscher) or to the process of aging itselfAltern);
both meanings appeared in our corpus.

In general, the bilingual method correctly found the meanigs of approxi-
mately one fth of the ambiguous terms, and makes only a few stiakes for
English but many more for German.



4 Disambiguation using related UMLS terms found in the same
context

As well as the specialist lexicon of medical terms in severdainguage, which
can be used to disambiguate some terms given a suitable p#rhlcorpus,
UMLS gives many relationships between pairs of concepts, dsscribed in
Section 2.1. These include traditional thesaural relati®hips, such as ‘i’
(hyponymy) and "'mappedto’ (synonymy with a chosen “proper form’), which
are given by the MRREL and MRCXT les in the UMLS source. Thereare also
lists of “coindexing concepts' (those which have been useygl éxpert medical
librarians to index the same MEDLINE abstract), which are gren by the
MRCOC le in the UMLS source.

These relationships are given betweetoncepts(senses of terms) rather than
between terms. For each separate sense of an ambiguous wdrd; therefore

possible to collect a set of related concepts, and if examplef any of these
related concepts are found in the corpus near to one of the algbous words, it

can indicate that the correct sense of the ambiguous word wtee one related
to this particular concept.

This method is e ectively one of the many variants of Lesk's1986) original
dictionary-based method for disambiguation, where the wds appearing in the
de nitions of di erent senses of ambiguous words are used todicate that

those senses are being used if they are observed near the gommis word.
However, we gain over purely dictionary-based methods bers® the words
that occur in dictionary de nitions rarely correspond well with those that

occur in text. The information we collected from UMLS did notsu er from

this drawback: the pairs of coindexing concepts from MRCOC eve derived
preciselyfrom human judgements that these two concepts both occured the

same text in MEDLINE.

The disambiguation method proceeds as follows. For each aigimous word
w, we nd its possible sensess;(w)g. For each senses;, nd all CUI's in
MRREL, MRCXT or MRCOC les that are related to this sense, and call
this set f ¢ (Sj)g. Then for each occurrence of the ambiguous wowd in the
corpus we examine the local context to see if a terinoccurs whose sende
(CUI) is one of the concepts irf ¢ (S; ), and if so take this as positive evidence
that the senses; is the appropriate one for this context, by increasing the sce
of s; by 1. In this way, each sense; in context gets assigned a score which
measures the number of terms in this context which are relateo this sense.
Finally, choose the sense with the highest score.

’ This fails to take into account that the term t might itself be ambiguous |
it is possible that results could be improved still further by allowing for mutual
disambiguation of more than one term at once (Stevenson, 2(E).
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ENGLISH Related terms Related terms Coindexing terms Combined
RESULTS (MRREL) (MRCXT) (MRCOC) (majority voting)

Prec Rec Cov | Prec Rec Cov | Prec Rec Cov | Prec Rec Cov
Sentence 50 14 28 60 9 15 78 32 41 74 32 43
Document 48 24 50 63 22 35 74 46 62 72 45 63

Subdomain | 51 33 65 |64 38 59 |74 49 66 |71 49 69
Table 3
Results for disambiguation based on UMLS relationships (Eglish)

One open question for this algorithm is what region of text taise as a context-
window. We experimented with using sentences, documentscawhole sub-
domains, where a "'subdomain' was considered to be all of thiesracts ap-
pearing in one of the journals in the Springer corpus, such @sthroskopie
or Der Chirurg. Thus our results (for each language) vary according to whic
knowledge sources were used (Conceptually Related Termsnfr MRREL and
MRCXT or coindexing terms from MRCOC, or a combination), andaccording
to whether the context-window for recording cooccurence waa sentence, a
document or a subdomain.

4.1 Results for disambiguation based on related UMLS contep

The results obtained using this method (Tables 3 and 4) wereeellent, pre-
serving (and in some cases improving) the high precision dfet bilingual and
collocational methods while greatly extending coverage dmecall. The results
obtained by using the coindexing terms for disambiguation eve particularly
impressive, which coincides with a long-held view in the dlthat terms which

are topically related to a target word can be much richer clgefor disambigua-
tion that terms which are (say) hierarchically related. We & very fortunate
to have such a wealth of information about the cooccurence péirs of con-
cepts through UMLS: the compilation of this information is & course very
labour-intensive, and though this labour was not originajl for the purpose of
word-sense disambiguation, it appears to have provided theene ts of cooc-
curence information from manually annotated training datawithout having

to perform any costly manual annotation on a new lexical sanhg

In particular, for English (Table 3), results were actuallybetter using only
coindexing terms rather than combining this information wih hierarchically
related terms: both precision and recall are best when usiranly the MR-
COC knowledge source. As we had expected, recall and coveragcreased
but precision decreased slightly when using larger contesxt

The German results (Table 4) were slightly di erent, and eve more successful,
with nearly 60% of the evaluation corpus being correctly disnbiguated, nearly
80% of the decisions being correct. Here, there was some $ngain when

11



GERMAN Related terms Related terms Coindexing terms Combined
RESULTS (MRREL) (MRCXT) (MRCOC) (majority voting)

Prec Rec Cov | Prec Rec Cov | Prec Rec Cov | Prec Rec Cov
Sentence 64 24 38 75 11 15 76 29 38 77 31 40
Document 68 43 63 75 27 36 79 52 66 79 53 67

Subdomain | 70 50 73 |74 52 70 |79 58 73 | 79 58 73
Table 4
Results for disambiguation based on UMLS relationships (Ganan)

combining the knowledge sources, though the results usingly coindexing
terms were almost as good. For the German experiments, usilagger contexts
resulted in greater recalland greater precision. This was unexpected | one
hypothesis is that the sparser coverage of the German UMLSntobuted to

less predictable results on the sentence level.

The nding that coindexing terms are more e ective clues fordisambigua-
tion than hierarchically related terms could be partly a reslt of the particu-
lar UMLS knowledge sources uses, rather than a generally idabbservation.
However, there is mounting evidence that this resulis part of a more gen-
eral picture which suggests that syntagmatically (contextally) related terms
are at least as useful for disambiguation as paradigmatidgl(hierarchically)
related terms: for example, Patwardhan et al. (2002) disceved that using a
Lesk-style gloss-overlap measure of similarity on WordNetas a more succesf-
ful similarity measure for disambiguation than any of the saindard measures of
similarity between concepts in the WordNet hierarchy (Budaitsky and Hirst,
2001).

These results are comparable with some of the better SENSENAesults
(Kilgarri and Rosenzweig, 2000) which used fully superviesd methods, though
the comparison may not be accurate because we are choosingveen fewer
senses than on avarage in SENSEVAL, and because of the doubt®r our
interannotator agreement.

Comparing these results with the number of words disambigted in the whole
corpus (Table 1), it is apparent that the average coverage ttiis method is
actually higherfor the whole corpus (over 80%) than for the words in the eval-
uation corpus. It is possible that this re ects the fact the he evaluation corpus
was speci cally chosen to include words with “interestingambiguities, which
might include words which are more di cult than average to dsambiguate. It
is possible that over the whole corpus, the method actuallyatks even better
than on just the evaluation corpus.

This technique is quite groundbreaking, because it showsaha lexical re-
source derived almost entirely from English data (MEDLINE mdexing terms)
could successfully be used for automatic disambiguation amGerman corpus.
(The alignment of documents and their translations was notven considered

12



for these experiments so the results do not depend at all onrolaving ac-
cess to a parallel corpus.) This is because the UMLS relatsinps are de ned
between concepts rather than between words. Thus if we knowat there is
a relationship between two concepts, we can use that relatiship for disam-
biguation, even if the original evidence for this relatiorfsip was derived from
information in a di erent language from the language of the dcument we are
seeking to disambiguate. We are assigning the correct sendased not upon
how terms are related in language, but hownedical conceptsire related to one
another. It follows that this technique for disambiguationshould be applicable
to any language which UMLS covers, and applicable at very fie cost.

5 Document Retrieval Experiments

The purpose of the semantic annotation and disambiguationf the Springer
corpus was to develop techniques for multilingual accessreedical documents,
and the contribution of these annotation and disambiguatio components can
be measured to some extent by their e ect on precision and &t in docu-
ment retrieval experiments. Such experiments were carrieait, comparing the
performance of a cross lingual search engine which made u$¢he seman-
tic annotation and disambiguation, with a baseline searchngine which relied
only on the surface forms (tokens) appearing in the documemnt

The test sets used for evaluation, consisting of 25 specyatlesigned queries for
each language and relevance judgements from medical expgdre described
by (Volk et al., 2002). The queries were translated into botHanguages, so
that as well as monolingual retrieval runs, the system coulbe evaluated on
its performance cross lingually, matching queries in Germao documents in

English andvice versa

The search engine used in these experiments was a cross lagector model
compiled from the parallel corpus. The model uses latent samtic analysis,
combining the techniques used by Schatze (1998) for wordrsee discrimination
and Littman et al. (1998) for CLIR: the creation of such a bilhgual vector
model from the Springer corpus is described in more detail (Widdows et al.,
2002).

Three search engines using this vector model were built, whiindexed each
document using

Tokens only

UMLS concepts (CUIs) (automatically added, no disambiguain)
UMLS concepts, disambiguated using the method of Section 4.

13



(a) English (b) English to German

(c) German (d) German to English

"""""""" Tokens only
”””””””” Semantic Annotation

Semantic Annotation and Disambiguation

Fig. 1. Precision / Recall curves for di erent retrieval exp eriments

The search engine built using automatic disambiguation aflipd to technique
of Section 4 where possible to disambiguate both the queriard the docu-

ments.

For each search engine, four retrieval tasks were carriedt@inglish, German,

English queries to German documents, German queries to Ersfjl documents),
giving a total of 12 experiments. Precision and recall for #hdocuments re-
trieved in each of these experiments are shown in Figure 1. @iMean Average
Precision obtained in each experiment (a single number measg the average
precision achieved after each document is retrieved, fordarop 200 retreived
documents) is given in Table 5.

For each of the four retrieval tasks, the search engines whiased the semantic

annotation (with or without disambiguation) performed sigi cantly better
than the baseline model which used tokens only. This dispsriwas much

14



; English to | German to
English | German German English

Tokens only 0.100 0.079 0.152 0.050

Semantic Annotation 0.111 0.110 0.184 0.071

Semantic Annotation | 0.115 0.113 0.193 0.071
and Disambiguation

Table 5
Mean Average Precision for each experiment

greater for German than for English. We believe that this is @minly because
the "tokens only' model is much worse for German, rather thahecause the
semantic annotation is better: this hypothesis is consigtewith the ndings of
(Volk et al., 2002,x4.2), who show that decompounding and stemming terms
(so that documents can be represented by their lemmas rathéran simply
their tokens) improves performance for German but has a mdjnnegative
e ect for English.

Adding the disambiguation component to the system gave rable, though
slight, improvements over the search engine built using samtic annotation
but not disambiguation, for each of the experiments excepbf the English
gueries to German documents run. The automatic disambiguanh improves
the precision of high-recall retrieval, as can be seen frorhet curves in Figure
1. However, high-precision retreival (the relevance of thip few documents
returned at the top of the list by the search engine) wasot improved by
disambiguation, and (especially with English queries) it auld actually be
slightly harmed. The reasons for this di erence between higprecision and
high-recall retrieval are as yet unclear.

The potential importance of word sense disambiguation to iproving intel-
ligent information retrieval has long been recognised, tlhugh in practice it
has proved tremendously di cult to get any demonstrable impovement: ex-
perimental evidence so far is that automatic disambiguatio has more often
harmed than helped retrieval (Sanderson, 2000). This ndip that has en-
couraged researchers to look very closely at di erent metldological issues to
try to establish principles and causes behind good and badsrédts (Krovetz,
2002). Because of this, the marginal improvement in retriav performance
gained by our disambiguation system is quite encouragingating used only a
freely available language resource to give relationshipgtiveen concepts, the
disambiguation system gives a reliable improvement in reéval performance
without using any manually annotated training data.
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6 Conclusions

The goal of this work was to develop techniques which could hused to dis-
ambiguate all of the ambiguous medical terms in a corpus of thoEnglish
and German documents, without relying on any manually annated training
examples (which could only have been produced for a few sédelcterms).

This paper demonstrates that instead of manually annotatedraining data,

a multilingual langauge resource such as UMLS can be used footh cross
lingual and monolingual word sense disambiguation. Our miosuccessful and
encouraging result is the discovery that relationships beten medical con-
cepts, mined from the index of arEnglishlibrary, can be used automatically
to disambiguate German documents with high precision and coverage, at no
extra cost.

Using this disambiguation technique as a component in a milhgual in-
formation system gave slight but reliable improvements inhe precision of
high-recall document retrieval.

Our experiments demonstrate that knowledge-rich informa&bn, such as coocur-
rence in a library catalogue, can provide excellent model$ the behaviour of
and relationships between di erent concepts. Such modelseaa viable alter-
native to manually annotated training data, and can be much rore readily
scaled up to disambiguate the important terms in a whole doooent collection.
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