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Abstract This paper deals with an acronym/de�nition extraction approach from textual
data (corpora) and the disambiguation of these de�nitions (or expansions). Both steps of
our global processof acquisition and management of acronyms are precisely described. The
�rst step consists in using markers such as brackets to identify expansion candidates. The
alignment of the letters allows to select the acronym/de�nition couples. The secondstep is
to de�ne the relevant expansion of an acronym in a given context. Our method is basedon
statistical measurements (Mutual Information, Cubic Mutual Information, Dice Measure)
and the results provided by search engines. This paper presents an evaluation of the global
processfrom real data (general and specialized domains).
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1 In tro duction

The study of named entities (NE) is useful for many applications in text-mining
tasks. This paper dealswith a speci�c type of NE called acronym. An acronym is a
set of characterscorresponding to the �rst letters of a group of words, and is supposed
to designatethat group. For instance, the acronym \GIS" can be associated with the
de�nition (also called expansion) \Geographic Information System". Acronyms are
usedto avoid a cumbersomerepetition of compound terms that needto be frequently
addressedin a text. Therefore, NE, standing for `namedentit y', is an acronym that
is bound to be found in this document. With the huge volumes of data available in
di�eren t languages,acronyms are crucial in documents from a general�eld (e.g., IMF
{ International Monetary Fund, HIV { Human Immunode�ciency Virus, etc) as well
as those from specializeddomains (e.g., NLP { Natural LanguageProcessing,IJCAI
{ International Joint Conferenceon Arti�cial Intelligence, etc).

Acronyms share with other words the property of being ambiguous, since they
might be expandedinto several distinct de�nitions. They are therefore addressedby
the classical linguistic issueof polysemy, i.e., the existenceof several meaningsin a
single linguistic form. For exampleGIS can mean \Geographic Information System"

* Corresponding author: Mathieu Roche, Email: mro che@lirmm.fr
Manuscript received 14 Oct., 2008; revised 4 Dec., 2008; accepted 20 Dec., 2008; published online 29
Dec., 2008.



164 International Journal of Software and Informatics, Vol.2, No.2, December 2008

or \Genome Institute of Singapore". These de�nitions are associated with di�eren t
domains (geography and biology respectively). Note that specialized �elds such as
medicine or biology usesmany acronyms (seeTable 1).

Table 1 Examples of de�nitions of the acronym ABCD from the biomedical domain

amphotericin B colloidal dispersion

Appropriate Blo od Pressure Control in Diab etes

Access to Baby and Child Dentistry

AmB colloidal dispersion

Association of British Clinical Diab etologists

Acronyms, present in a general �eld, are not necessarilysuited to a specialized
�eld. For example, the acronym GIS from a biomedical �eld has very di�eren t ex-
pansionscomparedto the previous de�nitions proposed: \Glomerular Inulin Space",
\Graft Intolerance Syndrome", etc. Therefore, it is necessaryto build specialized
dictionaries, and to design a rather sophisticated processhandling acronyms disam-
biguation, mostly when the acronym expansion is not present in the text that uses
it. This is what happens in most scienti�c communities: For instance, the acronym
MRI is no more explained in most medical texts. When a reader has not acquired
the previous knowledge,he/she is unable to expand the acronym.

This paper addressesthat particular issue, and describes a global processof
acronym acquisition and expansionrunning in two distinct stages.

Stage 1: Acronyms and de�nitions are �rst extracted from corpora. This stage
allows to build or enrich dictionaries. The method has two steps detailed in section
3: (1) Extraction of acronym/de�nition candidates, (2) Filtering the candidates.

Stage 2: After the dictionary acquisition processis ended,a quality measure
is applied to determine the relevant de�nition of an acronym in a document from
which its appropriate de�nition is absent. In this context, it is essential to have a
suitable dictionary, which justi�es the process�rst stage. Statistics from the Web are
used to select the relevant de�nition (section 3) and the documents context is also
taken into account.

Figure 1 summarizes the global processof acronyms/de�nitions management.
Each stagewill be both describedand evaluated in this article. First, Section2 o�ers a
brief survey on the state-of-the-art literature on acronyms/de�nitions extraction. The
following sectionsdescribe the successive stagesof the acronyms acquisition process
(Section 3 as well as their disambiguation (Section 4).

2 Acron ym/Expansion Detection in Literature

Among the several existing methods for acronyms and acronyms expansionex-
traction in the literature, somesigni�can t works needto bementioned. First, acronyms
detection within texts is an issueby itself. It involvesrecognizing a character chain
as an acronym and not as an unknown or misspelled word. Most acronyms detecting
methods rely on using speci�c linguistic markers.

Yates' method[24] involves the following steps: First, separating sentences by
segments using speci�c markers (brackets, points) as frontiers.
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Figure 1. Global acronyms/de�nitions management process

Then the acronym/expansion couplesare tested. The acronym/de�nition can-
didates are acceptedif the acronym characters correspond to the �rst letters of the
potential de�nitions words. In the GIS example, the pair \GIS/Geographic Infor-
mation System" is a good acronym/expansion candidate. The last step usesspeci�c
heuristics to select the relevant candidates. These heuristics rely on the fact that
acronyms length is smaller than their expansion length, that they appear in upper
case,and that long expansionsof acronyms tend to use stop-words such as deter-
miners, prepositions, su�xes and so forth. Therefore, the pair \GIS/Geographic
Information System" is valid according to theseheuristics.

Other works[3; 14] usesimilar methodsbasedon the presenceof markersassociated
with linguistic and/or statistical heuristics. A recent article [17] employs statistical
measurements from the terminology extraction �eld. Okazaki and Ananiadou apply
the C-value measure[11; 16] initially usedto extract terminology. It favors a candidate
term that doesn't appear often in a longer term. For instance, in a specializedcorpus
(Ophthalmology), the authors discoveredthat the term \soft contact" was irrelevant,
while the frequent and longer term \soft contact lens" is relevant. An advantage of
this C-value measureis its independencefrom characters alignment (actually, a lot of
acronyms/de�nitions are relevant while the letters are in a di�eren t order e.g. \A W
/ water activit y").

Other approachesbasedon supervised learning methods consist in selectingrel-
evant expansions. In Ref.[23], the authors use the SVM technique (Support Vector
Machine) with features basedon acronym/expansion informations (length, presence
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of special characters,context, etc). Reference[20] presents a comparativestudy of the
main approaches(supervisedlearning methods, rules-basedapproaches)by combining
domain-knowledge.

Larkey et al.'s method[14] usesa search engineto enhancean initial corpusof Web
pagesuseful for acronym detection. To do so, starting from a list of given acronyms,
queriesare built and submitted to the AltaVista (www.altavista.com) search engine.
Queries results are Web pageswhich URLs are explored, and possibly added to the
corpus.

The method presented in this paper shareswith [14] the usageof the Web. How-
ever, it does not look for existing expansionsin texts since it tries to determine a
possibleexpansionthat would be lacking in the text where the acronym is detected.
From that point of view, it is closer to Turney's results in Ref.[21], which are not
speci�cally about acronyms but usethe Web to de�ne a ranking function. The algo-
rithm PMI-IR (Pointwise Mutual Information and Information Retrieval) described
in Ref.[21]queriesthe Web via the AltaVista search engineto determine appropriate
synonyms to a given query. For a given word, noted word, PMI-IR choosesa synonym
among a given list. Theseselectedterms, noted choicei , i 2 [1; n], correspond to the
TOEFL questions(Test of English as a Foreign Language). The aim is to compute
the choicei synonym that gives the best score. To obtain scores,PMI-IR relies on
several measuresbasedon the proportion of documents whereboth terms are present.
Turney's formula is given below (formula (1)): It is oneof the basic measuresusedin
Ref.[21]. It is inspired from Mutual Information described in Ref.[5].

score( choicei ) =
nb( word N EAR choicei )

nb( choicei )
(1)

Here nb(x) computesthe number of documents containing the word x, N EAR (used
in the \adv ancedresearch" �eld of AltaVista) is an operator that precisesif two words
are present in a 10 words wide window.

With this formula (1), the proportion of documents containing both word and
choicei (within a 10 words window) is calculated, and comparedwith the number of
documents containing the word choicei . word and choicei are seenassynonyms when
wehavethe higher valueof score(choicei ). More sophisticatedformulashavealsobeen
applied: They take into account the existenceof negation in the 10 words windows.
For instance, the words \ big " and \ small " are not synonyms if, in a given window,
a negation associated to one of these two words has been detected, which is likely
to happen, since they are antonyms (opposite meanings). Actually , the synonymy
suggestedby Turney is more a 'relatedness' than a precise lexical function such as
synonymy.

To enhancerelevanceto the document, the method described in this article tries
to take into account dependenciesbetween the words composing the possibleexpan-
sions in order to rank them. In that sense,it is close to Daille's approach[7] which
usesstatistical measuresto rank terms. Also, other quality measures,de�ned in next
section, are invoked in an attempt to relate the tested acronym as much as possible
to its context. Obviously, context information signi�can tly enhancesbasic measures
values.
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3 Acquisition of Acron ym/De�nition Dictionaries

Building acronyms dictionaries is a two stepsproceduredetailed in the following
sections. An user-friendly software developed in Java[15] performs thesetwo steps.

3.1 Step 1: Candidatesacronym/de�nition pairs extraction

First, speci�c punctuation and character markers (parentheses, brackets, etc)
are taken into account, like in the domain state-of-the-art described in the previous
section. They enable an acronym/de�nition pair identi�cation by using di�eren t
processes:

First case: The acronym is before the de�nition identi�ed with the markers
(within parenthesesfor example).
Example: \ ... GIS (Geographic Information System)... "

Second case: The de�nition is before the acronym.
Example: \ ... Geographic Information System (GIS) ... ".

In this case, the de�nition size is indeterminable. It is therefore necessaryto
de�ne this sizeby looking at the acronym number of characters,but, at the sametime,
sincepotential de�nition phrasesmight contain articles, prepositions and other words
not recordedin the acronym, it is necessaryto provide a larger de�nition window than
the onedetermined by the acronym characters number. An upper limit to this sizeis
easyto fathom. An empiric study of the various corpora showed that a three times
window is unlikely to be too small and is always bigger than necessary. Thus, a 3 �
\number of characters of the acronym" rule hasbeenapplied to the extraction process
(e.g., in this example the potential de�nition of the acronym \GIS" is composedof
nine words before this one). For a clarit y sake, we call it a three times rule.

Step 1 extracts almost all the relevant acronym/de�nition candidates. Of course,
it returns a signi�can t amount of noise(irrelevant candidates). Thus, the secondstep
�lters acronym/de�nition pairs from its resulting list.

3.2 Step 2: Candidates �ltering

The secondstep aims at removing irrelevant acronym/de�nition pairs and delet-
ing irrelevant word(s) from a potential de�nition, which sizehas beendetermined by
the `three times rule' mentioned above, or by the appropriate marks.

For this process,weproposeto align the acronym letters with the potential de�ni-
tion words, by mapping each acronym letter with the �rst character of each de�nition
word, respecting the words order. If the �rst letter of the candidate de�nition word
can not be aligned with the acronym corresponding character, the following charac-
ters (of the word) are taken into account. On the other hand, if the acronym letter
is in no way matched with a �rst letter in candidate de�nition corresponding word,
then the other charactersof the appropriately rankedde�nition word are browsedand
matching is tried in order to provide an alignment.

Example: This method allows to �nd that \Extraction It �erative de la Termi-
nologie" is a possiblede�nition of the French acronym EXIT. The candidatede�nition
is a �v e words window, with the letters E, I ,D, L ,T being respectively the �rst letters
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of its words. The acronym is a four letters word: E, X, I, T.

1. Matching words letters with acronym letters:
E (rank 1) from de�nition matches with E (rank 1) from acronym. I (rank 2)
matches with the I rank 3, D and L do not match, therefore, the system tries
the other letters of the corresponding words: E (from the word `de') and then A
(from the word `la') but nothing matches. Last, T (rank 5) from the de�nition
matcheswith T (rank 4) in the acronym.
Result: letters E, I, T in the acronym have beenrespectively aligned with word
1 (`Extraction'), word 3 (`It �erative'), and word 5 (`Terminologie'). Letter `X' is
still pending.

2. Matching remaining acronym letters with other de�nition word letters:
The acronym letter X rank is 2, and de�nition word number 2 is aligned with
acronym letter number 3. Since order must be mandatorily followed, then X
cannot be aligned with a word which rank is superior to 1. Therefore, word
number 1, `Extraction', is analyzed,letter by letter. it happensthat the acronym
letter X matcheswith its secondletter. Thus the algorithm stops.
Result: Letter X from acronym is aligned with the second letter of word 1
(`Extraction').

3. Global result:
De�nition is relevant, with the following pattern:
Capital letters are present in both de�nition and acronym. All other letters
(and words) are neglected. 'EX traction I t�erative de la T erminologie'.

In literature, the POS (part-of-speech) tag of the de�nition word has beenstud-
ied as a �ltering criterion. Reference[14] has a speci�c treatment for stop-words.
Acronyms are believed to neglect words that do no convey `meaning' in the sense
that they addressa particular object or subject in the world. However, it is not al-
ways true. For instance, several acronyms in French take prepositions into account,
such as GDF, meaning `Gaz de France', the major gasproviding company. Because
the �ltering processhas beendesignedas languageindependent (a major application
aimed at is acronym translation) then it considersstop-words exactly like the others.

The results of the acronym/de�nition extracting processusing our user-friendly
software[15] is illustrated in Fig.2. Section 5.1 provides experiments of both steps of
the acronym/de�nition extraction process.

Matching letters capture potential de�nitions, but not necessarilythe relevant
ones for a given document in a given domain. This stage has only built acronym
dictionaries, and as such, several de�nitions are associated with a given acronym.
Relevancehas to be stressedout of another procedure, relying on meaning and con-
text. This is detailed in the following section.
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Figure 2. Visualization of the extracted acronyms with our software

4 Cho osing Relev ant Expansions

4.1 Motivations

The processsecondstage (seeFig.1 which usesacronym/de�nition dictionaries
built during the �rst phase) determines relevant expansionsin a document. In this
case,the appropriate de�nition of an acronym, not expandedin a document, can be
detected with the processhereby described.

A �rst useful application of this processis that it can be adapted for query
expansionsfrom generalor specializeddomains. For example,a biologist could query
a search engine with the acronym \TU" in order to return all the documents using
this acronym. Several de�nitions are possible for this acronym.� Thus, the process
would signi�can tly improve the information retrieval task by expanding the original
query with the relevant de�nition of \TU". For example, this expansioncould be a
disjunction (\OR") of the acronym and its de�nition. This onereturns a largeamount
of relevant documents. The conjunction of the acronym and the expansion(\AND")
enablesto return a lower number of documents. But the returned documents are
more relevant (i.e. the precision is improved).

Another usefulapplication is that this processhelpsunderstanding automatically
retrieved texts or text portions, where an acronym is used and its de�nition is not
present in the same portion. We consider an acronym x (e.g., x = GIS), without
its de�nition, in a document d. From the acronym dictionaries described before, a
list of possiblede�nitions for the acronym x (e.g., \Geographic Information System",
\Genome Institute of Singapore") is available. The processgoal is determining the
relevant de�nition xk (e.g., x1 = Geographic Information System, x2 = Genome

� Expansions returned by the Acromine software (www.nactem.ac.uk/soft ware/acromine/): testos-
terone undecanoate, thiourea, thiouracil, tub erculin units, toxic unit, Tetranychus urticae, T unde-
canoate, transcription unit, traumatic ulcers, transrectal ultrasonograph y, temp erature, transvaginal
ultrasonograph y
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Institute of Singapore) to the document d. To selectit, we proposea quality measure
basedon Web resources.

4.2 Designing an appropriate de�nition relevance measure: Acr oDef

Literature o�ering statistical measuresis abundant, but mainly three measures
appear to be the most likely evaluation tools.

� Mutual Information, usedby Turney in Ref.[21] with PMI-IR.

� Cubic Mutual Information proposed by Ref.[6] for terminological knowledge
acquisition.

� Dice's coe�cien t extended to n elements.

Selectingthe relevant de�nition needsan adaptation of thesemeasuresto the acronym
expansionissue,and mostly, the intro duction of context, which is a very speci�c fea-
ture of this approach. Therefore, three versionsof a quality measure,called Acr oDef ,
have been designedand a �rst set of experiments has been performed, detailed in
Ref.[19]. The rationale was the following:

� The ranking functions basedon Mutual Information are simple and e�ectiv e be-
causethey require little information. Indeed, these measuresare basedon the
number of examples(in our case,the number of pagesreturned with the word
de�nitions) without the need to identify negative examples (used with many
quality measures:Loglikelihood[9] , Conviction [2] , J-measure[12] , Contradiction [1] ,
etc). In our unsupervisedcontext using only statistical information of the Web,
the negative examplesare often more complex to determine.

� Cubic Mutual Information, de�ned asthe cube of the precedingmeasure,favors
frequent co-occurrences(words that appear together) comparedto the original
Mutual Information (M I ) proposedby Ref.[5]. Cubic Mutual Information is
usedin many works related to term extraction [22] or NE[8] tasks. Reference[22]
considersthat the Cubic Mutual Information givesthe best behavior.

� Last, Dice's coe�cien t favors frequent co-occurrencestoo. This measurefavors
the words that appear together giving lessimportance to the presenceof these
words alone.

4.2.1 Mutual Information and Acr oDef
Mutual Information (MI) has the following formula:

M I =
nb(x1; : : : ; xn )

nb(x1) � : : : � nb(xn )
(2)

where x1 : : : xn are words in a given window, and nb their occurrencenumber.
Acr oDef , basedon MI, can be written as:

Acr oDef M I (x j ) =
nb((

T n
i =1 x j

i ) + C)
Q n

i =1 nb(x j
i + C; x j

i 62M stop )
(3)

where n > 2
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The nb function (formula (3)) is the number of pagesreturned with the n words x j
i

(i 2 [1; n]) of the de�nition x j . Then, to calculate Acr oDef M I , we use quotation
marks with the Exalead search engine: \ x j

1 : : : x j
n " (

T n
i =1 x j

i , i 2 [1; n]). Exalead
(www.exalead.fr) search engine is here operated and the test corpus is extracted
by applying queries with the Google search engine (www.google.fr). For example,
nb(Geographic \ Information \ System) is the number of pagesreturned with the
query ``Geographic Information System'' .

The context C, represented by the most frequent (non stop) words of the page
containing the acronym to de�ne, is combined with the de�nition words. x j

i + C is the
word x j

i with all the words of the context C. Then nb(x j
i + C) returns the number of

pagesapplying query x j
i + C using the AND operator of Exalead with the word x j

i and
the context C. For instance, nb(Geographic \ Information \ System + cartography
+ map) is the number of pagesreturned with the query ``Geographic Information
System'' ANDcartography ANDmap. Here the context C consistsof two words (car-
tography and map). These words are the most frequent non stop-words in the page
where the acronym appears without its de�nition. At this stage of the process,the
context de�nition is basedon the frequent keywords of the documents. Future work is
intended to integrate richer contexts using languageknowledge(vocabulary, syntax,
etc.) like in Word SenseDisambiguation (WSD) research[13] .

With all other measures,Acr oDef will follow the samepattern.
Very quickly, experiments[19] have shown that this simple measurewas limited

and exhibited comparatively lessgood results than the others. Therefore, it is not
really detailed in this article.
4.2.2 Cubic Mutual Information and Dice's coe�cien t Acr oDef formulas

As explained before, the Cubic Mutual Information [6] calculatesthe dependency
betweenwords x1 : : : xn in a given window. It is formulated as follows:

M I 3 =
nb(x1; : : : ; xn )3

nb(x1) � : : : � nb(xn )
(4)

The Acr oDef measure(formula (5)) basedon Cubic Mutual Information (M I 3)
computesa scorefor each de�nition x j :

Acr oDef M I 3(x j ) =
nb((

T n
i =1 x j

i ) + C)3

Q n
i =1 nb(x j

i + C; x j
i 62M stop )

(5)

where n > 2

Formula (5) is the sameas(3) but with its numerator raisedto the power 3. Acr oDef M I 3

calculateswords dependencylike terminology extraction research[7;18;22;8]. This score
is obtained by using information given by search engines. In addition, the de�nition
words dependencyis computed in the samecontext.

The formula Acr oDef based on the Dice's coe�cien t extended to n elements
(formula (6)) is detailed in Ref.[19]:

D ice(x1; : : : ; xn ) =
n � nb(x1; : : : ; xn )

nb(x1) + : : : + nb(xn )
(6)

Thus, we can build the Acr oDef D ice measurebasedon Dice's coe�cien t and the
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context C:

Acr oDef D ice (aj ) =

�
� f aj

i + C; aj
i 62M stop gi 2 [1;n ]

�
� � nb((

T n
i =1 aj

i ) + C)
P n

i =1 nb(aj
i + C; aj

i 62M stop )
(7)

where n > 2

and
�
�:

�
� represents the number

of words of the expansion

5 Exp erimen ts

This section deals with the evaluation of both stages of the global process:
Acronym/ Expansion extraction from corpora (section 5.1) and evaluation of the
Acr oDef measures(seesubsection4.2). Figure 2 shows the result of the process�rst
stage. Two de�nitions have beenidenti�ed for the French acronym \JO" extracted in
the documents. This casewill be used to experiment the Acr oDef measuresin this
section.

5.1 Evaluating the acronym/expansion acquisition

5.1.1 Acronym/Expansion alignment
Table 2 shows an evaluation of the acronym/de�nition candidatesalignment. For

theseexperiments, a real-world data set has beenextracted from the site \sigles.net"
(www.sigles.net). The latter provides 30,012acronyms and their de�nitions from 30
languages.

Table 2 Acron yms alignment (depending of the number of characters) / expansions

Nb of Nb of Nb of Nb of % of

characters acron yms expansions expansions not found success

2 100 616 11 98.2 %

3 50 157 10 93.6 %

4 20 32 7 78.1 %

First, applying a random system, we extract acronyms of two, three, and four
characters from this Web site. Then we evaluate the successrate of the alignments
(number of acronyms aligned with the de�nitions of the site using the current ver-
sion of our software). Table 2 presents the results of 800 matchings. The results are
very satisfactory (successrate: 78% to 98%). In addition, this table shows that long
acronyms are more di�cult to align. The uppercaseletters with accents not yet taken
into account by our software can explain the di�cult y to match long acronyms. How-
ever, many casesmore di�cult to processmay exist as the alignment of numeric/non-
numeric characters (for instance the French pairs: \3D / Trois Dimensions", \ST2I /
Scienceset Techniquesde l'Informatique et de l'Ing �enierie").
5.1.2 Global evaluation of the acronym/ expansion dictionaries acquisition from a
corpus

The global results of the acronym/expansion extraction software from a corpus
having a reasonablesize(7,465words) havebeenanalyzed. After applying the process
�rst step, nearly 100 coupleshave beenreturned.
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To evaluate the results, standard evaluation measuresfrom data mining domain
are used: Precision, recall, and F-measure(i.e. harmonic averagebetweenprecision
and recall):

Precision=
number of relevant pairs returned

nb of pairs returned
(8)

Recall=
number of relevant pairs returned

nb of relevant pairs
(9)

F-measure=
2 � Precision� Recall

Precision+Recall
(10)

Table 3 shows that the �rst step returns not interesting results (low F-measure).
Actually this �rst step extracts all the relevant acronym/de�nition couples. But the
list of the extracted pairs is very noisy. This is translated by a recall of 100% with
a low precision. Fortunately, the secondstep, �ltering, signi�can tly reducesnoise
(precision climbs up to 66.7%), although intro ducing some silence (recall drops to
80% but is still high), but the resulting F-measureis quite satisfactory (72.7%, that
is almost three times its previous value).

Table 3 Evaluating the steps of the acronym/expansion extraction system

Precision Recall F-measure

Extraction

of couples 15.2% 100% 26.4%

(step 1)

Extraction of couples

+ �ltering 66.7% 80% 72.7%

(step 1 + step 2)

Discussion: This technique cannot be compared with the supervised ap-
proaches (e.g. SVM) of the literature becauseit is unsupervised one, with the pros
(more portable to other corpora) and the cons (less tuned to its learning corpus)
associated to such a method. Moreover, becauseof the useof speci�c heuristics, the
experimental comparisonwith other unsupervisedmethods in the literature is di�cult
to perform.

A dictionary acquisition method has been designedto be embedded in a global
processof acronym/expansion management. But the main focus of this work is the
useof thesedictionaries asdisambiguation tools to choosethe relevant de�nition of a
given acronym (by the application of Acr oDef measures)in IR or queriesexpansion
tasks. The next sectionsdeal with the evaluation of Acr oDef measureswithout the
presenceof the de�nition in the documents. Then we can not use the corpus of this
section in the following experiments. We proposeto usetwo corpora: A corpus from
a general �eld (section 5.2) and corpus from a specializeddomain (section 5.3).

5.2 Evaluating Acr oDef on a general �eld

The �rst set of experiments was run on the French language and undertook
the study of the acronym \JO". In French, this acronym means\Jeux Olympiques"
(Olympic Games) or \Journal O�ciel" (O�cial Journal). We have browsed a set
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of 100 Web pageshaving this acronym, split into 50 pageswith acronym \JO" for
\Journal O�ciel", and 50 pagesfor \Jeux Olympiques". Thesepagesare the result
of several manual querieswith the Google search engine. They contain no expansion
of the \JO" acronym (we have usedthe \Adv ancedSearch" of Google).

The corpuswascleanedby removing HTML tags,stop-words,punctuation marks,
and various special characters, to enable the extraction of frequent words in the
document, and to de�ne their context C. A context based on one to three words
was selected,containing the one to three most frequent words of each page. A three
word maximum wasset becausean experiment with four showed that no results were
returned for an important number of queries. The results quality, presented in Table
4, can be estimated by precision, recall, and F-measurecriteria.

Table 4 Evaluation of the Acr oDef measure

AcroDef Con text Precision Recall F-measure

1 word 75.4% 74.0% 74.7%

M I 3 2 words 86.2% 86.0% 86.1%

3 words 92.3% 92.0% 92.1%

1 word 57.7% 53.0% 55.2%

M I 2 words 65.3% 55.0% 59.7%

3 words 68.9% 58.0% 63.0%

1 word 71.0% 71.0% 71.0%

D ice 2 words 84.5% 84.0% 84.2%

3 words 91.4% 91.0% 91.2%

The Acr oDef measuresrequire an important amount of queries in our experi-
ments: 1; 800queries: Each document requiresto test two de�nitions (\Jeux Olympiques"
and \Journal O�ciel") with 3 queries by de�nition. This calculation represents
3 � 2 = 6 queries per document. The experiments were conducted with 3 ex-
periments (three kinds of contexts) for 100 documents. We have therefore made
6 � 3 � 100 = 1; 800 queries using the Exalead search engine. Table 4 shows that
the overall result is quite satisfactory. Using a rich context represented by three
words associated with Acr oDef M I 3 returns the F-measureat 92.1%. This �rst set of
experiments led to a primary conclusionexpressedas follows:

1. The quality measureAcr oDef basedon Cubic Mutual Information givesbetter
results becauseit encouragesfrequent occurrences(number of pageswith the
de�nition to predict). Note that the Acr oDef D ice measure also gives good
results.

2. For all the quality measures,the results are better with a larger context (bigger
number of words usedto de�ne the context).

So,after experimenting measuresand expansiondisambiguation on a general�eld
in French, the next sectiono�ers more di�cult experiments conductedin a specialized
domain in English.

5.3 Evaluating Acr oDef on a specialized corpus

Experiments wereshifted from French to English, wherewe focusedon a classi�-
cation of biological data de�nitions, provided by the Acromine (www.nactem.ac.uk/
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software/acromine/) application. For any given acronym in this area, Acromine pro-
vides a list of its possibleexpansions. 102 pairs acronym/de�nitions have been ran-
domly extracted from Acromine, which provided, for each tested item, from 4 to 6
possiblede�nitions. The current acronyms can be either two, three or four character
strings. For instance, JA, PKD, and ABCD are possibleacronyms, and for the lat-
ter, their de�nitions are described in Table 1. As one can see,it might range from
medicine to biochemistry, dentistry , etc.

For each of these pairs, articles abstracts have been extracted from the special-
ized bibliographical data baseMedline (www.ncbi.nlm.nih.gov/PubMed), containing
acronyms and their expansions. This baseprovides 204 documents (two documents
per couple acronym/expansion, manually extracted). The goal of this experiment is
to determine whether, for each document, the de�nition could be correctly predicted
by classifying the candidate de�nitions with the Acr oDef quality measures. The
distribution of the 204 documents according to the number of plausible candidate
expansionsfor acronyms is given in Table 5. This experiment neededto run of 3,500
queries.

Table 5 Number of possible acronym de�nitions for the 204 documents

Nb of Nb of possible
do cumen ts expansions per do cumen t

12 6

120 5

72 4

5.3.1 Measuresand results
Table 6 presents the results of theseexperiments. For each of the three Acr oDef

measures:

� The �rst line value is the number of times where the correct de�nition hasbeen
given, as a �rst item,

� the secondline value corresponds to the number of times it has beenpredicted
among the two �rst de�nitions (rank 1 and 2 according to the measureclassi�-
cation),

� and the third value corresponds to the number of times it appears among the
�rst three.

Experiments have beenled with a one-word context only, i.e., the most frequent
word in each document. Working on a specializeddomain, querieswith more than one
word have null pagesresults with a generalsearch enginesuch as Exalead. We have
chosenthis engine in order to be as closeas possible to the conditions of preceding
experiment, which relies on a general search (and not on intelligent and dedicated
engines).

Table6 showsencouraging�gures, particularly for the two last variants of Acr oDef
measure,basedon Cubic Mutual Information and Dice's measure. Acr oDef states
that the true de�nition of an acronym has from 76.5%to 81.9%chance to be found
in the �rst three de�nitions. However, these results are lessstriking than those ob-
tained in the pre-evaluation experiments. This might be explained by the complexity
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Table 6 De�nition prediction of acronyms from medline abstracts

Measure Acr oDef M I

Nb of correct de�nitions 62

on rank 1 (30.4%)

Nb of correct de�nitions 116

on ranks 1 or 2 (56.9%)

Nb of correct de�nitions 156

on ranks 1, 2 or 3 (76.5%)

Measure Acr oDef M I 3

Nb of correct de�nitions 74

on rank 1 (36.3%)

Nb of correct de�nitions 118

on ranks 1 or 2 (57.8%)

Nb of correct de�nitions 167

on ranks 1, 2 or 3 (81.9%)

Measure Acr oDef D ice

Nb of correct de�nitions 72

on rank 1 (35.3%)

Nb of correct de�nitions 122

on ranks 1 or 2 (59.8%)

Nb of correct de�nitions 164

on ranks 1, 2 or 3 (80.4%)

of biological data processing,which will be detailed further in next paragraph. Some
important facts:

� Whic h are the best qualit y measures?
The Acr oDef M I 3 measurehas the two best values,one for correct �rst de�ni-
tions, and one for correct de�nitions among the �rst three. Acr oDef D ice has
the best one for correct de�nitions among the �rst two. Acr oDef M I has none,
therefore, one can focus on the M I 3 and D ice basedmeasures.In order to de-
termine morepreciselythe quality of thesemeasures,wehavecomputed the sum
of relevant de�nitions ranks. The best measureis the one that has the smallest
sum. This method, while evaluating rank functions, is equivalent to approaches
basedon ROC (Receiver Operating Characteristics) and to the calculus of sur-
facesunder them (AUC, standing for Area Under the Curve)[10] . Therefore,
Table 7 con�rms, similarly to texts in a general context, that Acr oDef M I 3

and Acr oDef D ice behave as the best two measures(respectively) in specialized
documents belonging to biomedicine.

� Signi�cance of results:
Acr oDef M I 3 hits the good de�nition on rank 1 in 36.3% of the cases. This
is signi�can tly better than a random prediction, which scores22%. Random
prediction was computed as such 1 chanceover 4 to put the relevant de�nition
as the �rst one in 72 cases,1 over 5 in 120cases,and 1 over 6 in 12 cases,which
are the number of documents with respectively 4, 5, and 6 possiblede�nitions
(in Table 5).
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� Restricting the de�nition space:
The high predictive values for the �rst three de�nitions ranked by Acr oDef
restricts the search space. It is uselessto go down further in the list, and in
the 204 documents where more than 4 de�nitions occur, it would be e�cien t
to restrict to the �rst three chosen by our measures,and give the user the
opportunit y of choosing the best one. Further, they might be closede�nitions
as we will show it in a deeper study of the data content.

Table 7 Sums of relevant de�nitions ranks

Acr oDef M I Acr oDef M I 3 Acr oDef D ice

500 472 473

5.3.2 Data properties
The retrieved de�nitions hasled us to formulate somecomments. Among the dif-

�culties encountered in NLP research in the biomedical domain, the fact that several
terms could addressthe sameor very similar conceptsis a very classicalissue. For in-
stance,when the acronym ZO was retrieved, we had the following de�nitions: zonula
occludens , zona occludens , zonulae occludentes . As onecansee,theseare either 
ex-
ions of the sameterm (plural vs singular) or very closeterms (zonula meaning 'small
zone' vs zona). Variations are explained by linguistic functions or properties. There-
fore, quite a fair amount of prediction errors could be causedby linguistic variations
on the samebasic lexical item.

On the other hand, someequivalent de�nitions cannot be fathomed without the
help of a domain expert. If terminal and termini could be seenasLatin 
exions in the
following example: carboxy terminal , carboxy termini , or in the pair COOH-terminal,
COOH-termini, or in C02H-terminal , CO2Htermini , the idea that COOH, CO2H and
carboxy are equivalent forms (which makesall thesepairs totally equivalent to each
other) is not automatically deductible and needsexpertise. The �rst and the fourth
de�nitions of Table 1 is an other exampleof equivalent forms of expansions.
5.3.3 First enhancements

Merging de�nitions that appearedas linguistic 
exions of the samebasic terms
was the �rst task to be performed in order to enhancede�nition disambiguation.
Experiments were run again on the samecorpus, and merging brought the level of
correct de�nitions found as �rst de�nitions by Acr oDef M I 3 up to 43%, which is an
absolute enhancement of 7%, and a relative enhancement of 19% when compared to
results shown in 6. This means that a super�cial enhancement as obvious as this
has a noticeable impact on de�nition prediction. In future works, a thorough study,
undertaken with a domain expert will lead to a better de�nition analysis, and an
appropriate merging of similar de�nitions.

6 Conclusion and Future W ork

This paper has presented a complete processhandling acronym expansionas a
disambiguation task. The processis divided into two major tasks:

� A �rst stage in which an acronym/de�nition dictionary is built using a corpus
as an input, and satisfactorily evaluated (good F-measurevalue for results).
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� A secondstage consisting in determining a relevant de�nition of an acronym
lacking in a document. The selection of the relevant expansion is basedon a
ranking function: The Acr oDef measure. This one gives good results from
generaldomains and satisfactory results from specializedcorpora.

The described approach relieson achievements present in the state-of-the-art lit-
erature: It scrolls the Web to build acronym dictionaries being thus akin to Ref.[14],
but is even closer to Peter Turney's[21] which usesthe Web to establish a ranking
function (PMI-IR). Actually , the PMI-IR (Pointwise Mutual Information and Infor-
mation Retrieval) algorithm queries the Web with the AltaVista search engine to
determine the relevant synonym for a given word (TOEFL { Test of English as a
Foreign Language). Like terminology extraction techniques[7] , it measuresthe depen-
dency betweeneach word de�nitions to order them.

At the sametime, it has its own original features and presents somedi�erences
with the mentioned related works. It is unsupervised. It builds Web-baseddictio-
naries, going beyond corpora extraction [14] , it expandsacronyms, thus dealing with
compound terms as a rule and not as an infrequent equivalent candidate[21] , it goes
beyond terminology[7] 's domain since it deals with IR and query expansion. More-
over, it multiplies measures,de�nes a quality measureappropriate for acronyms, and
experiments in more than one language. It has shown that Mutual Information used
by Ref.[21] has less good results than more sophisticated measures,when handling
this speci�c task (i.e. acronym disambiguation). One of the Acr oDef measurespe-
culiarities is that it studies the impact of context and context length to improve basic
measures.

In our future work, we proposeto automatically associate a semantic context for
each acronym. A semantic context meansnot only words, but also conceptsindexing
thosewords, and relationships betweenwords of a given sentence. Then the Semantic
Vector approach described by Ref.[4]may help to determine the topic of texts, or texts
segments, to restrict furthermore the number of relevant de�nitions. Finally, a richer
context basedon linguistic features (context basedon NE, grammatical knowledge,
and so forth) would hopefully improve results.
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