Acrophile: An Au tomated Acron ym Extractor and Ser ver

Leah S. Larkey, Paul Ogilvie, M. Andrew Price

Department of Computer Sci ence

Universit yof Massachusetts

Amherst, MA 01003

Email: {larkey, pogil, maprice}@cs.umass.edu

Brenden Tamilio

School of Cognitive Science

Hampshire College

Amherst, MA 01002

Email: bat96@hampshire.edu

ABSTRACT

We implemented a web ser ver for acronym and abbreviation lookup, containing a collectio n of acro nyms and their expansions gathered fro ma large number of web pages b y a heuristic extractio n process. Several differ ent extraction algorithms were evalu ated and co mpared. T he corpus resulting fro m the best al gorithm is co mparable to a highqualityhand-crafted site, but has the po tential to be much more inclusive as data fro m more web pages are processed.

KEYWORDS: Acronyms, infor matio n extractio n

INTRODUCTION

Acronyms are ever ywhere; we read and hear themb ut rarelythink about them, except when we do not kno w what theymean. Ever ycontent domain has its o wn acronyms and abbreviations. In many of these areas, particularly those that are highly tech nical or bureaucratic, acro nyms occur frequentlyenough to make it difficult for outsid ers to comprehend text.

Manyacronym and abbreviation dictio naries are available, both in printed for mand on the World Wide Web. Some attempt to be all inclusive, others are specialized for particular do mains. T here are searchable databases and simp le lists. So me general problems in b uilding such collections, or anydictionaries, are getting co mprehensive coverage, and keeping the collec tion current. New abbreviations continu ally co me into use. T o keep their dictionaries gro wing, so me maintain ers allo w users to sub mit new acronyms and definitio ns. T his open ness, ho wever, can r esult in poor-qualitydata.

Acrophile is an auto mated systemthat builds and ser ves a searchable database of acronyms and abbre viations using infor mation retrieval techniq ues and heuristic extraction. It was developed and built b ystudents during an NSF REU

(Research E xperience for Under graduates) summer program. T he current version, available on the web at http://ciir.cs. umass.edu/ciirdemo/acronym/, contains a set of acronyms and expansions that were extracted fro ma

large static collectio n of web pages. T he systemcan crawl the web for additional pages, extract additional acronym/expansion pairs, and collect themin a file. Peri odically, the database can be rebuilt, incorporating the additional new pairs.

Another important goal o f this project was to evaluate the qualityo f our auto matically-built acronym and abbreviation databases. We developed evaluation techniq ues to co m pare different extraction algorithms and to compare the q uality of our auto matically-b uilt databases with manuallycollected databases.

Our evaluatio n goals were to test the follo wing hypotheses:

1. It should be possible to use IR techniques and heuristic extraction to collect a set of acronyms and expansions which is at least as good and as co mprehensive as carefullyco nstr ucted manuallyb uilt lists available on the web.

2. In order to collect as many correctlyexpanded acronyms as possible fro m an essentially unlimited corpus like the web, one sho uld choose a strict algorithm that accepts few errors, even at the cost of missing so me cases in specific documents. It should be possible to pick up those missed definitions fro mother contexts b y processing more text, and the resulting lists should have higher precision than a similar -sized list produced bya less strict algo rithm.

3. We should be able to increase the coverage of our collection more efficiently b ysearching for acronyms than byprocessing rando mpages.

Related Work

Manyacronym and abbreviation dictio naries have been compiled and published in books and many lists are available on the web, such as AcronymFinder [ 1 ] and the World

Wide Web Acronym and Abbreviation Ser ver

(WWWAAS) [ 17 ]. T he Opaui Guide to Lists of Acronyms,

Abbreviatio ns, and Initialisms [ 13 ] has 124 links to acronym and abbreviation lists, some o f them general, and so me as specialized as the Do g fanciers acronym list [ 4 ] or the

Mad Co wdisease list [ 10 ].

All o f these web-based lists appear to be built manually rather than b yauto matic extraction. T he lists range in size fro ma fe wdozen items to over 127,000 acronymdefini-

To appear in DL00.

Copyright © 2000 bythe Association for Computing Machinery, Inc.

Permission to make digital or hard copies of part of this work for

personal or classroom use is granted without fee provided that copies

are not made or distributed for profit or commercial advantage and that

copies bear this notice and the full citation on the first page or initial

screen of the document. Copyrights for components of this work owned

byothers than ACM must be honored. Abstracting with credit is

permitted. To copyotherwise, to republish, to post on servers, or to

redistribute to lists, requires prior specific permission and/or a fee.

tions in Acro nym Finder [ 1 ]. T he accuracyseems to var y

widely. T he primar yproblemwith many lar ge lists on the

web is that theyallo wpeople to sub mit expansio ns. So me

sites screen sub missio ns care fully [ 12 ], others do not. As

far as we can deter mine, no previous auto matic extractio n

efforts have resulted in publicly search able online databases

of acronyms and none have received thorough evaluations.

IBM adver tises a tool for abbreviation extrac tion, IBM In-

telli gent Miner for Text , which allo ws corporations to proc-

ess and categor ize text documents [ 16 ]. Amo ng the prod-

uct´s fea tures is the abilityto extract abbreviation phrases.

But the pa per does not present anyinfor mation on the heu-

ris tics used, nor does it present data on the qualityo f the re-

sults.

T wo small-scale acronym extraction projects have been de-

scribed and received limited evaluatio n in unrefereed lit-

erature. AFP (Acro nym Finding Program) [ 15 ] is an acro-

nym extraction algorithm which con siders strings o f fro m3

to 10 uppercase letters as an acro nym, and looks for candi-

date expansio ns in windo ws of twice the number of letters

in the acronym before and after the acronym. It onlylooks

for matching letter s occurring at word beginnings (or after

hyp hens) but allo ws so me mis matc h between the letter s of

the acronyms and the sequence of initial letters of the

words. AFP was tested on 17 documents fro mthe Depart-

ment of Ener gy. It attained 93% recall and 98% preci sion

on acronyms in this set with length of three or greater, 86%

recall and 98% precision when t wo character acronyms

were included.

T LA (T hree L etter A cronyms) [ 18 ] was developed at the

University of Wai kato. It has no case requirements for

acronyms, so that any token is a candidate acronym. T he

token is ac cepted if a matching sequence is found bytaking

up to three characters fro madjacent words. T LA was

evaluated on ten co mp uter science technical reports, on

which it ob tained 91% recall and 68% precision. A ne wer

approach bythe same researchers uses co mpression models

to identify acronyms and definitio ns [ 19 ]. T his approach is

less ad-hoc than a purelyheuristic approach like our s, but

requires a corpus of hand-marked training data.

None of these extraction systems have been used to process

a large corpus of text and co mpile a searchable dictio nar y

of acronyms.

Auto mated extraction projects for extracting non-acronym

text relations bear so me interesting similarities to the acro-

nym problem. Several email extractors such as Ato mic

Harvester 98 [ 4 ] and EmailSi phon [ 6 ] can be found on the

web. T heycrawl through every web page at a given site

and ex tract ever y email address they can find, to compile

lists to sell co mmercially. E xtracting email addresses is

simpler than finding acronyms and expansio ns because it

does not re quire relating pairs of segments found in text. It

is suffi cient to search for the general pattern user-

name@location . Higher accuracycan be gained b y checking the suffix of an address for the existence of co m-

mo n do mains such as .edu, .com, and .gov.

T he processes of extracting hyponyms [ 9 ] and citations [ 8 ]

are more similar to the acronym task in that they require

extracting a relation fro mtext. Hearst´s hypo nym extractor

[ 9 ] finds pairs of no un phrases NP

1 and NP

2 such that NP

1

is a kind of NP

2

, for example, nutmeg is a hyponymo f

spice. Her system find s hyponyms in text b ylooking for

so me simple patterns like ^spices, such as nutmeg,~

^spices, including nutmeg and sage~, or ^such spices as

nutmeg and sage.~ As we find for acronyms, these heuris-

tics provide reliable but not fool proof methods of finding

hyponyms. Hearst ran the ex traction algorithm on an ency-

clopedia, and found manycorrect hyponyms which could

be added to WordNet [ 1 ].

CiteSeer [ 8 ] is a systemthat extracts bibliographical cita-

tions and references. Like Acrophile, it uses a set o f heu-

ristics to index infor mation extracted fro mweb pages.

CiteSeer searches for pages that might contain PostScript

documents and keywords such as P ost S cript and publica-

tion . Once the documents are retrieved, the system verifies

that theyare legitimate publicatio ns b ysearching for the

presence of a references section. W hen documents are

parsed, the systemsaves the title, author, year of publica-

tion, page numbers, and citation tag, a shorthand abbre-

viation for identifying the cited paper in the text bod y. It

uses a set of canonical rules, for example, that citation tags

always appear at the beginning of references, author infor-

mation generallyprecedes the title, and the p ublisher usu-

allyfol lo ws the title. T he developers of CiteSeer provide a

facility on the web called ResearchIndex where users can

search for references and citation infor mation [ 14 ].

Terminology

An acronym is ^a word for med fro mthe initial letters or

parts of a word, such as PAC for p olitical a ction c o mmit-

tee.~ An abbreviation is ^a shortened for mof a word or

phrase used chieflyin writing�~ [ 3 ]. T hus, an acronym is

an abbreviation who se letters are read as a word. T his

definition excludes abbreviatio ns such as FBI and NAACP ,

which are pronounced b ysaying the individ ual letters in the

abbreviation.

Our project covers a subset of abbreviatio ns which is lar ger

than the set of acronyms, b ut smaller than the set o f all ab-

bre viations. We include abbreviations that do not for m

words, as long as their letters co me fro mthe words in the

phrase. We also include abbreviations with number s such

as 4WD , and 3M , although our expansion algorithms can

onlydeal successfully with cases where the digit stand s for

a spelled-out number ( F our W heel D rive ), or acts as a mul-

tiplier ( Minnesota Mining and Manufac turing ). It cannot

handle cases like Y2K . We exclude abbreviations co mposed

of letters that are not in the words ( lb .), and abbreviations

for single words rather than multiword phrases.

We use the ter m ^expansio n~ for the phrase an acronym

stands for.

3

In the remainder of this paper we describe the Acrophile

system, then the acronym extractio n algorithms; finally, we

evaluate the algorithms and comp are the resulting col lec-

tions with so me hand-crafted acronym collectio ns on the

web.

SYSTEM DESCRIPTION

T he core of Acrophile is a large collection of acronyms and

expansions, which was auto maticallyextracted fro mweb

pages and indexed using Inq uer y3.2, a probabilistic infor-

mation retrieval system developed at the University of

Massachusetts. Users can submit an acronym such as IRS ,

and see a list of expansions for that acronym, or theycan

sub mit words (such as Internal Revenue or revenue ) and

see the acronyms who se expansions contain those words.

T he system retur ns lists o f acronyms and expansions,

ranked b ya quality score. One can also sub mit a URL to

the acronym extractor and get a list of acronyms and expan-

sions found on the page.

We first describe this collection and ho wit was created,

then we describe the lookup system on the web.

Building and updating the database

Figure 1 outlines the process by which the database was

created and ho wit can gro w. A static collectio n of around 1

millio n (936,550) militar y and go vernment web pages,

comprising around 5 gigab ytes of text, was processed in the

manner illustrated in Figure 1 .

First, a Perl script performs some simple filtering o n the

web pages, to remo ve all HT ML tags. T he resulting stream

of text is fed into our acronym extractor, a C programusing

flex and yacc, which incorporates the best of the four algo-

rithms we tested in the evaluation reported below. T he ac-

ronymextractor produces a list of acronym and expan sion

occurrences. T hese pairs are mar ked to indicate whether

theycame fro ma parenthetical for msuch as DUI (Driving

under the Influence) , infor matio n which is later used in

comp uting a confidence rating for the expansion.

Acronym/expansio n sets are then sorted and merged, ac-

cumulating counts o f occurrences. Occurrences in pa rentheses are also counted separately. T he output is tagged,

creating pseudo-docu ments for i ndexing. Each pseudo-

document has an acro nym as its title and an expansion as its

text. A confidence score is also placed in a tagged field.

T hese data files are then indexed, with no stopping or

stemming perfor med on acronyms or expansio ns. T he in-

dexing process creates a searchable Inq uer ydatabase.

T he shaded path through Figure 1 sho ws ho w the database

can be expanded bycrawling for web pages containing

kno wn acronyms. A list of acronyms is sub mitted as indi-

vidual queries to AltaVista, using a modified versio n of

G nu´s wget. For each quer y, we retrieve the top n match-

ing pages, retur ned fro mAltaVista ten at a time. Each re-

sults page is piped through a hand -coded filter which at-

tempts to remo ve all content except the URLs of the fo und

docu ments. T hese URLs are then crawled in sets o f 10 by

an other instance of the crawler. T his crawling accumulates

a new collection of web pages, which are processed like the

static set, to extract an add-on set o f acronym/expansion

pairs. T hese can be added to the original set, and the data-

base rebuilt.

The Search System

T he search process is illustrated in Figure 2 , below.

T he system uses a client/server architecture which co uld

accommodate multiple servers across a network, although

at present our client and (single) ser ver run o n the same

Unix system. T he user types an acronym or phrase into a

text box on the Acrophile search page. T his quer yis sub-

mitted via CGI to a custo mInq uer yweb client developed

for Acrophile. T he client creates a network connectio n to

the Inquer y connection server, which issues search co m-

mand s to an available Inquer yserver, which retrieves acro-

nym/expansion pairs fro mthe database. A ranked list is

then returned through the connection ser ver and back to the

client. A confidence score is co mp uted for each expansion,

based on the stored occurrence counts. T he list is sorted b y

this co nfidence score, filtered, and for matted for displayin

the user´s web browser. T he user may select ho w many

expansions they wo uld like to see.

Figure 1 : Building and updating Acrophile

Figure 2 : Searching for acronyms

6WDWLF

&RUSXV

$FURSKLOH

’DWDEDVH

                                                                         &UDZOHG

                                                                         �:HE

                                                                         SDJHV

85/V

IURP

$OWD9LVWD

$OWD9LVWD

:HE

5HVXOWV

$FURQ\PV�DQG

                                                                              ([SDQVLRQV

                                                                                 6WDWLF

                                                                                 &UDZOHG

/LVW�RI

$FURQ\PV

&UDZOHU

0HUJH�

6RUW

7DJ�

,QGH[

�,QTXHU\�

4XHU\

$OWD9LVWD

YLD

&UDZOHU

5DQNHG

/LVW

)LOWHUHG

/LVW

6HDUFK�&RPPDQGV

&*,

$FURSKLOH

’DWDEDVH

&RQQHFWLRQ�6HUYHU

8VHU

4XHU\�YLD

:HE

$FUR�/RRNXS

&OLHQW

,QTXHU\

$3,

Extraction Demonstration

In addition to the searchable acronym collection, the Acro-

phile splash page also contains a link to an online extrac-

tion demonstration, which accepts a URL fro m the user and

extracts acronyms and expansions fro m the sub mitted

document in real time. Currently, the results of this extrac-

tion are not added to the online database.

EXTRACTION ALGORITHMS

T he Acrophile extractio n algorithms use flex, a lexical

analyzer, and yacc, a parser, to process a text document to

extract acronyms. E xpansions for the acronyms are found

in the text using a co mbi nation of document context and

canonical r ules, which match patterns in which acronyms

are com mo nly defined in standard written E nglish.

We developed several different versio ns of extraction algo-

rithms and tested four of them.  All versions wor k on the

gen eral principle o f hypothesizing that a sequence is an

acro nym if it fits certa in patterns, and confir ming it as an

acro nym if a plausible expansio n for it is found nearb y.

For all four al gorithms, so me nor malization is perfor med

after extractio n. T wo acronyms are considered equivalent if

they differ only in capitalizatio n. T wo expansions for an

acronym are con sidered equivalent if they differ only in

capitalization or in the presence or absence of periods, hy-

phens, or spaces.

Our fo ur algorithms, called contextual, canoni cal, canoni-

cal/contextual, and simple canonical , differ in what patterns

are taken to indicate potential acronyms, what for ms ex-

pansions can be fo und in, and what text patterns in dicate a

pos sible acro nym/expansio n pair.  T he contextual, cano ni-

cal, and canonical/co ntextual algorithms are all re lated and

arose by modifying an earlier contextual algo rithm.  T he

simple canonical algorithm was designed inde pendently to

tr y a more limited approach that  might yield higher preci-

sion on the acronyms it fo und.  We did some initial tuning

of algorithms based on their perfor mance on a small pilot

set of 12,380 Wall Street Journal articles fro m 1989.

T he simple canonical algorithm (also called simple ) is the

strictest of the four.  It finds only those acronym/expansion

pairs which fit a small set of canonical for ms, such as ^ex-

pansion ( ACRONYM)~, or ^ACRONYM or expansio n~.

T he contex tual algorithm, on the opposite end of the strict-

ness contin uum, looks for an expansion in the vicinity of

the potential acronym with out requiring any canonical pat-

tern (^or~, parentheses, co mmas, etc.) indicating their rela-

tion ship.  T he canoni cal/contextual and canonical algo-

rithms fall in between the other two. T he four algorithms

are con trasted in T able 1 , which lists their major character-

istics.  T he col umns of the table summarize the four differ-

ent algo rithms.  T he top half of the table lists properties of

hy pothesized acronyms.  T he botto m half covers properties

of the expan sio ns.  All four algorithms are described below.

Finding Acronyms

T he algorithms identify potential acronyms b y scanning

text for the patterns sho wn in the ro w labeled Acronym

Patterns in T able 1 . T his row uses a pseudo-regular-expres-

sion notation in which superscript + indicates o ne or more

occurrences of a symbol, * indicates 0 or more occurrences,

numbered superscripts indicate a specific number or range

of occurrences. U stands for an uppercase letter, L a lo wer-

case letter, D a digit, S an optional final s  or `s , {sep} is a

period or a period followed b y a space, and {dig} is a num-

ber between 1 and 9, optionally follo wed b y a hyphen.

T erms in square brackets are alter natives.

T he contextual algorithm accepts acronyms that are all up-

percase ( USA ), with periods ( U.S.A. ) or which have a se-

quence of lo wercase characters either at the end of the pat-

tern follo wing at least three uppercase characters

( COGSNet ), or internally following at least 2 uppercase

characters ( AChemS ).  An uppercase pattern can also have

any number of digits, anywhere.

T he canonical/contextual and canonical algorithms accept a

wider range of acronym patterns.  T hey have less constraint

on lo wer case seq uences, to al lo w patter ns like DoD .

Slashes and hyp hens are allo wed in acronyms, to get pat-

terns like AFL-CIO  and 3-D .  Acro nyms are not allo wed to

end with lo wer case characters except for s,  and only 1 digit

is allo wed in an acronym.

T he simple canonical algorithm takes a minimalist ap-

proach, excluding acronyms with digits, periods, and

spaces. An acronym must begin with an uppercase letter,

follo wed by zero to 8 upper or lo wercase letters, slashes, or

dashes, and ending in an uppercase letter.

Acronym E xpansion

Contextual Algorithm. T he contextual algorithm finds ex-

pansions b y matching fro m the last character of the acro-

nym to the front.  It always saves the twenty most recent

words scanned, so when a potential acronym is identified, it

tries to find the expansio n in this saved buffer.  Other wise,

it looks for the expansion in the text follo wing the acronym.

It requires no canonical for ms, so it can successfully deal

with text like, ^� is three dimensio nal.  In 3D images�~

T he expansion r ules can refer to a list of 35 noise words

like and , for , of , and the , which are often skipped in acro-

nyms, as in CIIR (Center for Intelligent Information Re-

trieval) . T he algorithm tries to find a sequence of words

such that the initial 1 to 4 characters fro m each non-noise

word match the characters of the acronym, as in Bureau of

Per sonnel (BUPERS) .  In addition:

·
 One initial character of a noise word can match an in-

ternal acronym character, as in Department of Defense

(DOD).

·
 A noise word can be skipped, as in Research Experi-

ence for Undergraduates (REU) .

·
 T he initial character and the 4
th
, 5
th
, or 6
th
 characters of

potential expansion ter ms co uld be matched to ac ronym

characters as in Post S cript (PS) .  T his is an at tempt to

simulate a crude morp hemic deco mposition, but witho ut

any kno wledge of E nglish prefixes.

ACRONYM S

                                                                                                                       Contextual Canonical/

Contextual

Canonical Simple Canonical

Patterns for

Acrony ms

                                                                                                                       (U{sep})

+
   e.g. U.S.A.

                                                                                                                       U

+
               e.g. USA

                                                                                                                       D

*
U[DU]

*
   e.g. 3D,62A2A

                                                                                                                       UUU

+
L

+
      e.g. JARtool

                                                                                                                       UU

+
L

+
U

+
     e.g. AChemS

(U{sep})

2-9
S   e.g. U.S.A, U.S. A. ´s

U

2-9
S               e.g. USA, USA´s

U

*
{dig}U

+
      e.g. 3D, 3-D,  I3R

U

+
L

+
U

+
           e.g. DoD

U

+
[/-]U

+
          e.g. AFL-CIO

U[UL/-]

0-8
U

e.g. USA,  DoD, AFL-CIO

Upper vs.  Lower

Case

                                                                                                                       First two chars must be U,

                                                                                                                       then any number of L

                                                                                                                       anywhere, but adjacent

L internal,  or final s or `s

DOD, DoD, DOD´s

Must begin and end with U

Can have L elsewhere

DOD, DoD

Digits Any number of digits,

                                                                                                                       anywhere

Only 1, any nonfinal position

 3M, 2AT AF

None

Spaces and

periods

                                                                                                                        After capital letters `.´ Or ^. +space~ must be after each

character.    N.A.S. A,  N. A. S. A.

None

/ or  - None ˘ treated as space in

                                                                                                                       tokenizing

1 interior of /,-

CD-ROM,OB/GYN

Any number of /, - in interior

CD-ROM, OB/GYN

Max length  None explicit 9 alphanumeric chars, plus any

included punctuation or final s

10 characters including any

punctuation

EXPANSIONS

Noise words Fixed list of 35 Fixed list of 40 None

Skip words Only noise words Noise words, or words follo wing

hyp hens

Only fir st and last words have to

match chars in acronym

Noise word chars At most 1, only characters internal to the acronym N/A

Prefixes Yes, assumes any initial  3,4, or 5 chars may be a prefix N/A

Chars fro m no n-

noise word

                                                                                                                       Up to 4.  Greedy, prefers to

                                                                                                                       take more

Up to 4.

Not greed y, prefers to take fewer

Prefers to 1.  Can take more if

word starts with upper case

Canonical

Definition

                                                                                                                       N/A (Unordered)

A C  (Exp), Exp(AC)

(Exp) AC, ( AC) Exp

A C  or Exp, Exp or AC,

AC stands for Exp

AC {is} an acronym for

Exp kno wn as the AC

Exp ^AC~,  ^AC~ E xp

(Ordered)

Expansio n ( ACRONYM)

Exp or AC

Exp, or AC

Exp, AC

AC (Exp)

AC, Exp

Capitalization Expansio n can be all L Cano nical: can be

all lo wer

Contextual: only

noise words can be

lo wer, rest must be

upper

Can be all

lo wer case

Lo wer case allo wed, but with

stricter rules than upper case;

each letter in acronym must be

matched by a letter starting a

word in the expansion.

Numbers Spell out or multiply No numbers

Table 1 : Properties of acronyms and expansions for four different algorithms

T he contextual algorithm scans for an expansion until an-

other acronym pat ter n is en countered, wherein the old ac-

ronym is forgotten and the new o ne beco mes the so urce for

matching, or until the ex pansion is fo und or fails.

If a digit n  is fo und in the acronym, the acronym receives

so me special handling.  T he algorithm tries replacing the

digit and the follo wing or preceding character with n  repe-

titions o f the character, as in MMM  for 3M .  If it cannot

find an expansion for this transfor med acronym, it then

tries matching the digit with the spelled out number, as in

three dimensional  for 3D . Periods in acronyms are ig nored

in looking for expan sions.

One of the major problems with the contextual algorithm

was its greediness in tr ying to match more than one initial

character fro m expansion ter ms.  T his wo uld lead it to ex-

pand NIST  as National Institute of Standards , taking the t

fro m Standards , rather than as National Institute of  Stan-

dards and Technology .  A second problem, particularly

with two letter acronyms, was the unacceptably high likeli-

hood of finding a sequence of lo wer case words with a sp u-

rious match for the acronym, as in story from  for SF .

Contextual-Canonical. T he canonical/contextual algorithm

is a modification of the contextual algorithm to address the

above two problems.  First, ca no nical rules were added to
constrain when lo wer case words are accepted for expan-

sions.  Only if an acronym/expansion pair is found in a

for m in the ro w labeled Canonical Definition  in Table 1 , is

a lo wer case expansio n allo wed.  An expansion found via

the contextual rules must be capitalized, except for noise

words.  Second, the algorithm tries conserva tively, rather

than greed ily, to match multiple characters in an ex pansion

ter m, addressing the problem illustrated with NIST , above.

In addition, hyp hens and slashes are allo wed in acronyms,

and are passed over silently in expanding them. If an ex-

pansion ter m is hyp henated, such as Real-Time  fro m

CRI CCS ( Center for Real-Time  and Intelligent Co mplex

Co mputing Systems), the algorithm can either treat Real-

Time  as two words, or as a single word, not re quiring a T  in

the acronym.

Canonical. T he canonical algorithm was derived fro m the

canonical contextual, filtering the outp ut list so that only

acronym/expansio n pairs that were found in cano nical for m

were retained.

Simple Canonical.  T he simple cano nical algorithm was an

attempt to do away with most o f the co mplexity of the

contextual algorithm and its derivatives.  Like the canonical

algorithm, the simp le canonical algo rithm requires that the

acronym be found in certain textual contexts, but it accepts

fewer canonical patterns for acro nym/expansion pairs, and

fewer acronym patterns. T he al gorithm searches for the

for ms in the Canonical Definition row of T able 1  in the

order they are listed.

When checking the validity of a potential expansion, the

algorithm has a fe w acronym/expansion matching schemes.

Each of these schemes recursively checks shorter expan-

sions first.  T he matching schemes are perfor med as fol-

lo ws:

1)  Uppercase strict: each letter in the acronym must be

                         represented, in order, by an uppercase letter in the ex-

                         pansion.  T he expansion must begin with the fir st letter

                         of the acronym.

2)  Lo wercase strict: each letter in the acronym must be

                         represented, in order, by the first letter of a word in the

                         expansion.  T he expansio n must begin with the first

                         letter of the acronym and must not contain uppercase

                         letters.

3)  Uppercase loose: the first word must begin with the

                         first letter of the acronym and the last word must begin

                         with a letter in the acronym. T his scheme is extremely

                         loose, and can result in expansio ns where so me letters

                         in the acronym are not matched at all.

T he functions that check shorter expansio ns first remo ve

words fro m the end of the expansion farthest fro m the ac-

ronym, then the functions call themselves with the modified

expansion.  Each functio n will remo ve a word fro m the

beginning o f the expansion if the expansion follo ws the

acronym, or fro m the end of the expansion if the expansion

precedes the acronym. I f the shorter expansion passes the

requirements, the algorithm returns the short expansio n
with the acronym as valid.  For example, Air Carrier Ac-

cess Act (A CAA)  fits the pattern ^expansion ( ACRO-

NYM).~  Since Air Carrier Access Act  passes the uppercase

strict test, it is returned as the valid expansion for ACAA.

While Access Act  would pass the uppercase loose test for

ACAA , it wo uld not be returned because the upper case strict

test is perfor med first.

EVALUATION OF ALGORITHMS

In order to evaluate ho w well our algorithms correctly find

all the acronyms that are explicitly defined in a set o f

documents, we use standard infor mation retrieval measures.

Precision , that is, found correct/found total , measures the

accuracy of extraction, and recall , that is, found cor-

rect/known correct , measures the co mpleteness of the ex-

traction.  For this evaluation we started with the 1M set,

that is, the 936,550 mili tar y and gover nment web pages that

we processed for the Acrophile web database.  Fro m this

set, we selected at rando m 170 pages that contained text

and manually found all the acronyms with explicit defini-

tions.  T hese documents co ntain 353 defined acronyms, 10

with an ampersand or slash, and none with numbers or

dashes.  Variations in expansions that were accepted as

correct were the o missio n or addition of an `s,´ and differ-

ences in punc tuation.

T able 2  sho ws recall and precision values for the four algo-

rithms on the 353 acronyms in test set and on a subset co n-

taining the 328 acronyms of length three or higher.

All Acrony ms Length > 2

P recision Recall P recision Recall

Contex tual .89 .61 .96 .60

CanCon .87 .84 .92 .84

Canonical .96 .57 .99 .59

Simple .94 .56 .99 .57

Table 2 : Recall and precision on 170 sample docs

T here were sixteen cases missed b y all our algorithms be-

cause the expansion was too far ( more than twenty words)

away fro m the acronym. We do not expect any algorithm to

get these, and other researchers do not include such cases

[ 15 ][ 18 ]. T he results excluding these cases can be seen in

T able 3 .

All Acrony ms Length > 2

P recision Recall P recision Recall

Contex tual .89 .63 .96 .63

CanCon .87 .88 .92 .88

Canonical .96 .60 .99 .61

Simple .94 .59 .99 .60

Table 3 : Excluding distances > 20 words

Precision is ver y high, especially o n acronyms lo nger than

two characters. Recall is considerably higher for the ca-

nonical contextual algorithm than the other three algorithms

but with lo wer precision. As expected, the two cano nical

algorithms have lo wer recall but higher precision.  T he

contextual algorithm has lo wer recall, and slightly higher
precision than the canonical contextual algorithm, in a pat-

tern indicating that a preponderance of its errors are on 2

letter acronyms. T hese results cannot be directly co mpared

to the .93 recall and .98 precision found for acronyms

longer than 2 char acters in [ 15 ], and .91 recall and .68 pre-

cision in [ 18 ], and roughly .80 recall and .90 precision in

[ 19 ], because these studies are based on different text, and

possibly different criteria for correctness.

COMPARISON WITH HAND CRAFTED LISTS

T wo web collections were chosen for the co mpariso n.  We

tried to use the largest and best quality sites fro m which we

could easily get and parse lists of acronyms and expan-

sions. We used WWWAAS, the World Wide Web Acro-

nym and Abbreviation ser ver at University College Cor k in

Ireland [ 17 ] and Acronym Finder, Mountain Data Sys-

tems´s acronym database [ 1 ].  From WWWAAS, the

smaller of the two sites, we could extract the entire data-

base by sub mit ting a ^.~ as a quer y.   T he out put was con-

verted fro m HT ML to our format with lex.  T he items were

not added to our database.  For Acronym Finder, the larger

site, we were not able to dump the entire database, but we

were able to collect all the expansio ns for a test set to be

described in the next section.

Size

First, T able 4  sho ws ho w our collectio n co mpares with the

others in o verall size.  WWWAAS contains far fewer acro-

nyms and expansio ns than our set. Acro nym Finder con-

tains more acronyms, but fewer expansions than we ex-

tracted fro m 1M set described above.  Processing addi tional

pages outside of the militar y and government do main

wo uld undoubtedly find more acronyms.

     Algorithm # Acrony ms # Exps Avg Exps/Acro

     Contextual 44,241 143,620 3.25

     CanCon 51,726 161,686 3.13

     Cano nical 41,832 117,746 2.81

     Simple 40,073 119,081 2.97

     WWWAAS 12,108 17,753 1.47

     Ac.Finder 60,000 127,000 2.17

Table 4 : Number of acronyms and expansions extracted

           from 1M pages by each algorithm, and at 2 web sites

Evaluation method

T o go beyond size and co mpare the correctness of different

collections is much more difficult than co mparing algo-

rithms on a fixed set o f data.  A major challenge was in

defining ^correct.~ A usable criterion was to require that we

could find the acronym in use on the web.   By taking a

rando m sample o f 200 acronyms fro m each of our lists, we

were able to determine that virtually all the acronyms in all

the sets were real acronyms, that is, we were able to find

them used as an acronym so mewhere on the web.  Ho w-

ever, it looked as though so me expansions might be errone-

ous, and we devised the following method to evaluate the

accuracy of the set o f expansions listed for an acronym.

The test samples of acronyms and expansions.  We ini-

tially selected a sample of 55 acronyms for evaluating ex-

pansions. Forty acronyms were chosen to mimic the distri-

bution of acronym length fo und in the small Wall Street

Journal collection.  Acro nyms with length 2, 3, and 4 were

generated rando mly, while others were selected at rando m

fro m a longer list o f acro nyms o f that type. We added 5

acro nyms containing numbers, 5 kno wn to have a lar ge

number of expansio ns, and 5 with dashes or slashes.

For each of the 55 acronyms, we collected a pool of expan-

sions fro m the two reference databases on the Web, and

fro m our four algorithms, run on the 1M set.  We also

added all the additional expansio ns that came up in the

crawling experi ments discussed belo w. We later fo und that

for 10 of the 55 acronyms, none of the systems fo und any

expansions. T hese 10 were remo ved fro m the evaluatio n,

leaving 45 acro nyms in the test set.

1

Criteria for correct expansions. Our criterion for a correct

expansion was similar to that for a correct acronym, that is,

that we could find at least one example on the web defining

that expansio n for that acronym.  We hired evaluators to

examine pages retur ned fro m an AltaVista [ 2 ] search for a

quer y consisting of the acronym and the expansion.  If they

could find the ac ronym defined with the target expan sion

on any web page, using a list of explicitly defined cri teria,

it was accepted as correct.  Other wise, it was incor rect.

Scoring . We de fined recall for this co ntext as the number of

correct expansions for an ac ronym found b y one algorithm

or system divided b y the number of kno wn correct expan-

sions for that acronym fo und b y all algorithms or systems

evaluated.  Similarly, we defined precision as the number

of correct expansions for an acronym fo und b y one algo-

rithm or system, divided b y the number of expansions, cor-

rect or incorrect, found by that algorithm or system.  We

then averaged across acro nyms.

T o obtain a range of recall/precision points, we ranked the

expansions b y a co nfidence score, which was a functio n of

ho w many times the expansion was fo und for an acronym,

and another factor which we fo und highly related to reli-

ability ˘ whether an occurrence is in one of the two canoni-

cal for ms ^expansion ( ACRONYM)~ or ^ACRONYM (ex-

pansion)~.  Pilot research with the 1989 Wall Street Journal

corpus sho wed that acronym/expansion pairs ex tracted

fro m this frame were about five times more likely to be

correct than pairs extracted from any other for m.  T here-

fore, we gave occurrences in this for m more weight than

1
 Several patterns in our results make us doubt that our test set of

45 acronym is representative.  First, the average number of

expansions per acronym is much higher in the test set than in the

complete set.  We are in the process of judging a better corpus of

200 acro nyms.  This list includes most of the 45 acronyms fro m

the present test set, plus acronyms chosen randomly fro m a list of

ac ronyms found in the evaluated systems.  These judg ments will

allow a more reliable evaluation.

                                                         occurrences in other for ms b y counting them as five occur-

                                                         rences.

                                                         An acronym´s expansion with a count of 1 in a ver y lar ge

                                                         corpus is so me what likely to be erroneous.  Expansions

                                                         with a count of 10 are much more likely to be correct and

                                                         expansions with co unts of 30 are even more likely to be

                                                         correct.  T he higher the count we require, the better accu-

                                                         racy (precision) we can obtain.  Ho wever, requiring higher

                                                         counts also causes more legitimate expansions be missed.

                                                         We can therefore get higher precision b y requiring so me

                                                         threshold number of counts in order to accept an ex pansion

                                                         for an acronym, but at the cost of lo wer recall.  By var ying

                                                         this threshold, we obtain  a range of recall-preci sion points

                                                         for our evaluation belo w. T he confi dence scores are also

                                                         used in the online search system,  but they are transfor med

                                                         to C/(C+2) , in order to range between 0 and 1.

                                                         Note that weighting the count does not bias our measure-

                                                         ments of recall and precision, it only affects ho w acronyms

                                                         are grouped by confidence to get a range o f recall/precision

                                                         values.

                                                         T able 5  sho ws the total number of expansions fo und for the

                                                         45 acronym test set b y each o f the 4 tested algorithms and

                                                         the two web sites. It also sho ws recall and precision. T he

                                                         contextual and canoni cal/contextual algorithms find the

                                                         largest number of ex pansio ns for the test acronyms. Co n-

                                                         sistent with the analysis on the 170 documents, the simple

                                                         and canonical algorithms have higher precision and lo wer

                                                         recall.  Acronym Finder has perfor mance similar to our

                                                         algorithms.  A more co mplete picture of the situatio n can

                                                         be seen in Figure 3 .

                                                                   Algorithm # Exps Precision Recall

                                                                   Contextual 1172 .75 .28

                                                                   CanCon 1055 .76 .34

                                                                   Canonical 573 .79 .21

                                                                   Simple 344 .81 .25

                                                                   WWWAAS 90 .84 .09

                                                                   Acrony m Finder 450 .76 .31

                                                         Table 5 : Number of expansions, precision, and recall for

                                                                                           each system, measured on 45 test acronyms

                                                         Figure 3  sho ws recall and precision cur ves for the fo ur al-

                                                         gorithms, evaluated on the 45 test acronyms whose expan-

                                                         sions were all judged.  T he points on each curve sho w re-

                                                         call and precision at thresholds of 1, 2, 3, 4, 5, 10, 15, 20,

                                                         25, and 30, computed as described above. T he recall and

                                                         precision values in T able 5  correspond to the threshold 1

                                                         points on Figure 3 .  T he graph sho ws that for all algo-

                                                         rithms, it is possible to at tain precision values in the .95-.97

                                                         range, but only at ver y lo w recall levels, that is, for the ac-

                                                         ronyms we have the mo st confidence in.  T he worst-per-

                                                         for ming algorithm is the co n textual, with substantially

                                                         lo wer values than the other val ues all alo ng the recall preci-

                                                         sion cur ve.  T he canonical/co ntextual algorithm and the

                                                         simple algorithm perfor m the best across most of the curve,

                                                         except at the high recall end, where the canoni-
cal/contextual algorithm attains higher recall.  In other

words, the contextual rules of the cano ni cal/contextual al-

gorithm allo w us to find more acronyms and/or expansions

than we can find using canonical rules alo ne, but this non-

canonical set also has more errors in it.  T he canonical al-

go rithm falls between simple cano nical and con textual al-

go rithms in recall and precision.

T he unconnected points on Figure 3  sho w the recall and

precision values we measured for the handcrafted web sites,

on the 45 test acronyms. Each site co ntributes a single point

to the graph rather than a curve, because we have no way to

var y a threshold.

WWWAAS, the smaller site, falls at the lo w end of recall,

with a recall of .09 and precision of .84. Although precisio n

(.84) appears good, compared to the other values in T able 5

(all in the .70´s), we see fro m the more co mplete recall-pre-

cision curves that this value is co mparable to our worst-per-

for ming al gorithm ˘ the contextual ˘ at a threshold of 3.

Our best algorithm, the canonical/co ntextual, has recall of

.25 at the comparable value of precision, and precision of

.96 at the comparable recall level.

Acronym Finder, the larger site, had recall and precision

values of .26 and .76, comparable to our best algorithm, the

canonical/co ntextual, at a threshold of 1.  T hese results con-

fir m the hypothesis that our algorithms can create a corpus

of acronyms and expansions that is co mparable in quality to

the best manually built site that we could evaluate.

Note that precision and especially recall values here are

substantially lo wer than what we found in evaluating the

extraction fro m 170 web pages.  T he difference is due to

the different pool of expansions which were considered

correct.  We are certain that some of the acronym expan-

sions we co unted as incorrect were in fact correct, but were

not found in the AltaVista search, resulting in lo wer preci-

sion.

Figure 3 : Recall and Precision on 45-acronym test

0.7

0.75

0.8

0.85

0.9

0.95

1

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8

Recall

Precision

Contextual

Canonical/Contextual

Simple

Canonical

Acronym Finder

W W W AAS

»

                                                         T he pool of correct expansions has an even larger effect in

                                                         reducing recall.  An expansio n is counted as missed if any

                                                         other evaluated system fo und the expansion, whether or not

                                                         it was present in the set of documents input to the acronym

                                                         extractors.  T his makes the set of correct expansions a

                                                         mo ving target that gro ws the more we search.  T he crawl-

                                                         ing experiments belo w sho w that the same acronyms are

                                                         used in many do mains, and if we go beyond our military

                                                         and gover nment 1M set, more expansions will be found.

                                                         PROCESSING ADDITIONAL PAGES

                                                         T his analysis addresses the extent to which we can find

                                                         more expansions b y searching the web for acronyms. We

                                                         used the 55 test acronyms, submitted them as queries to

                                                         AltaVista, and ran our extractio n algorithms on the top 30

                                                         and 100 pages that were returned for each quer y.  T his pro -

                                                         cess fo und many new expansio ns for the target acronyms.

                                                         As an illustrative examp le, T able 6  shows all the expan-

                                                         sions for the acronym E WI , as found b y all the systems

                                                         mentioned. WWWAAS does not appear in the table be-

                                                         cause it did not include the acronym E WI . T he other man-

                                                         ual site, Acronym Finder (AF) had three expansions listed,

                                                         two correct and one incorrect.  All four of o ur algorithms,

                                                         run on the 1 mil lion web pages, found the two correct ex-

                                                         pansions for E WI  listed b y Acronym Finder, and did not get

                                                         the incorrect expansio n.  In addition, our algorithms found

                                                         a third correct expansion, and all but the contextual algo-

                                                         rithm found an other incorrect expansion.  T he addi tional

                                                         pages fo und b y searching and crawling more than doubled

                                                         the num ber of correct expansions.  When 30 pages were

                                                         processed for each acronym quer y, fo ur new correct expan-

                                                         sions and one incorrect expansion were found.  When 100

                                                         pages were processed for each acronym quer y, another two

                                                         correct expansions were found.

                                                         Expansion

AFConCanCon

CanSimple

1M+30

1M+100

                                                         Edison Welding Institute + + + + + + +

                                                         Education With Industry + + + + + + +

                                                         Electronic Warfare Intelligence -

                                                         Equal Width Increment + + + + + +

                                                         Explosive Waste Incinerator - - - - -

                                                         Eijkman Winkler Institute + +

                                                         Elliott Wave International + +

                                                         European Wireless Institute + +

                                                         European Web Index + +

                                                         Edison Welding - -

                                                         Electro World Inc +

                                                         Executive Wo men International +

                                                                                                                Table 6 : Expansions for acronym EWI

                                                         In addition to finding more expansions for the target acro-

                                                         nyms, extraction fro m the crawled pages found so me new

                                                         acronyms that had not been extracted before.  For 1M+30,

318 new acronyms were found, and for 1M+100, 1120 new

acronyms were fo und.  None of these were the 55 acronyms

targeted b y the search.

Figure 4  sho ws the recall precision curves for the canonical

contextual algorithm, processing 30 crawled pages per ac-

ronym in addition to the basic 1M set, and 100 additional

crawled pages per acronym, along with the old cur ve for

the 1M set.  T his targeted crawling results in a huge in-

crease in recall, without dropping preci sion except at the

ver y highest  recall levels ˘ thresholds of 1.  At a threshold

of 2, preci sion (.75) is not appreciably lo wer than th e preci-

sion  for the 1M pages alone at a threshold of 1 (.76), but

recall has almo st doubled from .28 to .54.

As a control, we also measured the perfor mance of the ca-

nonical contextual algorithm on co mparably sized sets,

consisting of the 1M set with the addition of either

55x30=1650, or 55x100=5500 randomly selected docu-

ments. We did not include these results on the graph in

Figure 4 , ho wever.  T he results were so similar to that of

the 1M set alone that they could not be seen separately o n

the graph.

CONCLUSIONS

We were able to build in a largely auto mated manner, a

searchable dictionar y o f acronyms and expansions which

rivals the quality of a good manually co nstr ucted dictionar y

of acronyms, b y extracting acronyms and expansions fro m

a large corpus of static web pages.  We sho wed that we can

increase the precision (accuracy) o f our extractio n b y rais-

ing a threshold.  Although this results in lo wer recall (cov-

erage), we can increase recall b y processing more pages.

We can increase recall dramatically without loss of preci-

sion b y processing web pages that are retur ned b y a search

for the acronyms that we have alread y fo und.  T his two -

stage strategy results in a collection that is superior to any

Figure 4 : Adding source pages by searching for

target acronyms

0.7

0.75

0.8

0.85

0.9

0.95

1

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8

Recall

Precision

1M

1M+30

1M+100

»
manually built database, and it can be kept up -to-date in an

auto mated manner.

FUTURE WORK

Dynamic Extraction

Given the great efficiency and success of finding additional

expansions for an acronym b y searching for the acronym

and extracting expansions from the top 100 web pages re-

turned, we are planning to add a facility to do this o nline.

T his will not replace the static database, ho wever.  T here

are some acronyms which spell existing words (IS, T IDES)

for which the acronym may not occur in the top 100 pages

re turned fro m a search.

We would like to have the system auto matically crawl for

pages containing kno wn acronyms, to continue to find ne w

expansions for our acronyms, and to discover ne w acro-

nyms.  We have fo und that our confidence scores get dis-

torted by this process because the same web pages may be

processed many times.  Presently we remove d uplicate

URLs fro m the set of pages for one acronym, but we do not

keep a master list to prevent processing the same page

again in a later run.

HTML Parsing

Our simple method of ignoring material inside HT ML tags

could be improved. We lose several occurrences of acro-

nym/expansion pairs defined within the
ALT

 property of

<
        IMG

                                > tags, as in: <
                                                                                                                     IMG SRC

="image.gif"
HEIGHT

="50"

WIDTH

                                          ="50"
                                                                              ALT

                                                                                                      ="Librar y of Congress ( LOC)" >.

We also do not take advantage  of the  <
ACRONYM

> and

<
        ABBR

                                          > tags, which allo w a web author to declare acro-

nyms and abbreviations as fol lo ws:  <
ACRONYM

 ti-

tle="Rapid Eye Movement"> REM </
ACRONYM

> or

<
        ABBR

                                           title="Y2K"> Year 2000</
ABBR

>.  T hese tags are

not yet in co mmon usage, but if they beco me more widely

used, we wo uld want our extractio n algorithms to be able to

extract acronyms and abbreviations fro m them.

ACKNOWLEDGMENTS

T his material is based on work supported in part by the

National Science Foundation, Librar y of Congress and De-

partment of Co mmerce under cooperative agreement num-

bers EEC-9209623 and EIA-9820309.   Any opinions,

findings and conclusions or recommendatio ns expressed in

this material are the authors and do not necessarily reflect

those of the sponsor.

We thank Mike Mollo y for infor mation about Acronym

Finder, and Morris Hirsch for an early version o f the con-

textual algorithm.  T hanks also to Don B yrd for his co m-

ments on a draft of this paper.

REFERENCES

1.  Acronym Finder. http://www.Acro nymFinder.co m.

2.  AltaVista. http://www. altavista.co m.

3.  The American Heritage College Dictionary , T hird Edi-

tion.  Boston: Houghto n Mifflin Co mpany, 1993.

4.  Ato mic Harvester.

http://www.desktop -server.com/ato mic. htm.

5.  Dog fanciers acronym list. http://mx. nsu.ru/FAQ/F-dogs-

acro ny m-list/Q0-0.html.

6.   E mailSip hon is kno wn b y the evidence it leaves when it

crawls archives for email addresses, purportedly for

spamming purposes.  See discussion in

http://archives.list-univer se.com/list-moderators/9802.

7.  Fellbaum, Christiane. WordNet: An Electronic Lexical

Data base , Cambridge: MIT  Press, 1998.

8.  Giles, C. Lee, , Bollacker, Kurt D., and Lawrence, Steve.

Cite Seer An Auto matic Citatio n Indexing System, in

Digital Li braries 98 , New York: ACM Press, 1998, pp.

89-98.

9.  Hearst, Marti.  Auto matic Acquisition o f Hyponyms

fro m Large T ext Corpora, in Proceedings of the Four-

teenth Inter national Conference on Computational

Lin guistics  (Nantes, France, July 1992).

10.  Mad Co w disease list.

http://www. maff.go v.uk/animalh/ bse/glossar y. html.

11.  MetaCrawler.  http://www. metacrawler.co m.

12.  Molloy, Michael ( Acronym Finder), personal co mmu-

nication. Febr uar y, 2000.

13.  Opaui Guide to Lists of Acronyms, Abbreviations, and

Ini tialisms (http://spin.co m. mx/~smarin/acro.html).

14.  ResearchI ndex.  http://www.researchindex.co m.

15.  T aghva, Kazem, and Gilbreth, Jeff.  Recognizing Ac-

ronyms and their Definitions.  T echnical Report 95-03,

ISRI (Infor mation Science Research I nstitute) UNLV,

June, 1995.  http://www.isri.unlv.edu/ir/publica-

tions/T aghva95-03.ps

16.  T kach, Daniel, ed.  T ext Mining T echnology: T urning

Infor mation into Kno wled ge.  IBM White Paper, 1998.

http://www. software.ib m.co m/data/miner/fortext/do wn

load/whiteweb.html.

17.  World Wide Web Acronym and Abbreviatio n Server

(WWWAAS).  http://www. ucc.ie/cgi-bin/acronym.

18.  Yeates, Stuart.  Auto matic extractio n of acronyms fro m

text.  In Proceedings of the Third New Zealand Com-

puter Science Research Students´ Conference . Hamil-

ton, New Zealand, April 1999, University o f Waikato,

pages 117-124. http://www.cs.waikato.ac.nz/~syeates/-

pubs/acroPa per.ps.gz

19.  Yeates, Stuart, Bainbridge, David, and Witten, Ian.

Using Co mpressio n to  identify acronyms in text.

Sub mitted to Data Co mpression Conference,

DCC2000.