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Abstract

Thereareregularitiesin the statisticalinformationprovided by natural
languagetermsaboutneighboringterms. We find that when phraserank
increasesmoving from commonto lesscommonphrasesthe value of the
expectedmutualinformationmeasurdEMIM) betweerthetermsregularly
decreasesluhn’s modelsuggestshat mid-rangetermsarethe bestindex
termsandrelevancediscriminators. We suggesteasondor this principle
basedon the empiricalrelationshipshavn herebetweertherank of terms
within phrasesindtheaveragemutualinformationbetweerterms whichwe
referto asthe Inverse Repesentation—EMIMrinciple. We alsosuggesan
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InverseEMIM termweightfor indexing or retrieval applicationghatis con-
sistentwith Luhn’s distribution. An informationtheoreticinterpretationof
Zipf’'s Law, a power law, is provided. Usingtheregularity notedabove, we
suggesthatZipf’'s Law is a consequencef thestatisticaldependenciethat
exist betweerterms,describedchereusinginformationtheoreticconcepts.

1 Intr oduction

Whenwe communicatavith oneanotherthe wordsthatwe useoccurin groups:
phrasessentencesyr larger socio-linguisticstructuressuchas corversationsor
speechesAre thereregularitiesfoundin term co-occurrenceelationshipsan
theseregularitieshelpexplain the existing principlesfoundin linguistics(Yngve,
1986)andinformationretrieval (Losee,1998),suchasZipf’s Law (Zipf, 1949),
which relatesterm frequenciesandtermranks,or Luhn’s model,which predicts
therelative“resolvingpower of significantwords”(Luhn, 1958),giventherelative
termfrequeng?

We suggeshererelationshipdbetweerthe frequeng-basedcharacteristicef
neighboringtermsin naturallanguageand the rank or frequeng of the terms.
Giventhetermrankor frequeng, we caninfer the entroyy, or averageinforma-
tion, of atermor agroupof terms. Theamountof informationthatonetermhas
aboutanotherdepend®ntherankof oneof thetermsandof therankor frequeny
of thetermpair. Usingtheserelationshipswe canoffer a partial explanationof
why Luhn’s distribution andZipf’s Law occurasthey do (Simon,1955;Mandel-
brot, 1961;Rapoport1982;Naranan& Balasubrahmaran,1998;Egghe,1999).
We proposedescriptionsof the relationshipsbetweentermsthat hold acrossall
languages.

The frequeng of a term may be taken asthe raw term frequeny or asthe
probability of the termoccurring. Therank of a termis the positionof theterm
in alist of n termtypesorderedby their probability of occurrencewith the most
frequenttermhaving rank 1. Theraresttermwill have rankn. Whendescribing
theranksof terms,we will treatarankof x asgreaterthanarankof x — 1. For
the dataanalysisbelow, termswith equalfrequenciesvill be assignedhe mean
rankfor thesetof equi-frequenterms.

NotethatZipf's Law takesa numberof forms, including onesuggestinghat
the probability of atermmultiplied by the term’s rank equalsa constanof about
0.1. Thisvalueis relatively stableover a wide rangeof thetotal numberof terms.
The generalagumentbelow is independenof the exactform of Zipf's Law that
is adopted.



2 Information Theoretic Measures

Informationtheoryis basenarangeof measurethathave developedoeginning
with thework in theprecedingenturyof Nyquist,Hartley, andShannor{Nyquist,
1924;Hartley, 1928; Shannor& Weaver, 1949; Aczél & Dardczy, 1975;Losee,
1990;Cover & Thomas1991). Theinformationin asingleeventis referredto as
self-information.Measuredasthe amountof informationprovided by knowvledge
of the probability of eventz, I(z) = —logPr(z), self-informationsenesasthe
basisfor moreelaborateconceptsWe denotethe probability of eventz asPr(z).
Theaverageself-information,or entropy, is computedas

n

H(X)=—=> Pr(z;)log Pr(z;). (1)

=1

A singlerandomvariableor eventmay be studiedwith a secondvariableor
eventto produceajoint distribution, the probabilityof thetwo variablesoccurring
in acertainway:. If | flip two coins,C; andC,, with headslenotedasH andtailsas
T, wemayhave oneof four results:HH, HT, TH, or TT. If we makethereasonable
assumptionhatthetwo coinsC, andC, arestatisticallyindependentf eachother
with regardsto how they land,we may computethe probability of a certainresult
Pr(Cy, Cy) asthe productof the probabilitiesfor eachof the individual coins:
Pr(Cy, Cy) = Pr(Cy) Pr(Cs).

In mary circumstanceggpint probabilitiesarent derivedfrom statisticallyin-
dependentvents. Knowledge aboutdependentvents, where one variable or
event providesinformationaboutthe chanceof the otherevent occurring,can
be very usefulin mary forms of analysis.For example,the probability thatone
point on earthis underwateris highly dependenbn the probability that a point
onefoot to thenorth of it is underwater While theseareseparatdocations,the
probabilitythatonelocationis undervaterandthe probabilitythatthe otherloca-
tion is undervaterareclearlynotindependentln this situation we cannotusethe
productrule above to computethejoint probability.

TheexpectednutualinformationmeasuréEMIM), whichcomputesheamount
of informationthatrandomvariablesY” and X provide abouteachothet is mea-
suredas
Pr(z;, ;)

I(X;Y) = Z Pr(z;,y;) log Py
Z,]

(@) Pr(y;)’ @)



In addition,thismaybe computedas(Cover & Thomas1991):
I(X;Y)=HX)+HY)-H(X,Y)= HX) - HX|Y). (3)

Theserandomvariablesmay be termfrequenciessuchaswhetheratermoccurs
or notin agivendocumentpr how oftentermsoccur We may describeheterm
relationsasthe mutualinformationor asthe statisticaldependenceelatingone
termto another(Chow & Liu, 1968;Yu, Buckley, Lam, & Salton,1983;Losee,
1994; Croft, 1986;Gey, 1993;Cox & Wermuth,1993). Below, we will consider
methodgo estimatehe EMIM betweerterms,givenotherfactors.

3 Data and Methods

We useastandardaetof textsfor ouranalysisof thetermoccurrenceandrelation-
shipsfound in naturallanguage.We computestatisticslargely from the fulltext
of 392documentsn the CF databas€éMoon, 1993). This setof documentsep-
resentghefulltext of every otherdocumentontaininganabstraceindthesubject
headind'Cystic Fibrosis”includedin theNationalLibrary of Medicinesdatabase
betweerll974and1979.

The exactchoiceof text databasdasrelatiely little impacton the kinds of
resultsobtainedfor this type of study Earlierwork by SmithandDevine (1985)
usingseveraldifferentdatasetshaws thatrelationshipdetweenermfrequeng,
rank,andphrasesizearerelatively robustacrossa rangeof documentypes. To
informally seethis similarity, the readermight wish to briefly glanceaheadat
Figures5 and6, which computethe samedatafor the CF medicaldocumentsand
for Englishliterature. A detailedinterpretationof this work is describedaterin
thearticle. However, thereademight notethevisualsimilaritiesin theresultsfor
thesawo very differentkindsof literature.

TheliteraturedescribingZipf’s Law suggestshatthereis astrongrelationship
betweerrankandfrequeng. Oneway of examiningthe charactepf this database
vis avis rankandfrequeng studiess to look attherelationshipbetweerrankand
frequeng. We find thatthe correlationbetweerthelogarithmof therankandthe
logarithmof thefrequeng in the CF databaseés —.995. Thissuggestshatthereis
astrongrelationshippetweerrankandfrequeny andthatthe datatendsto cluster
tightly aroundtheline suggestedby Zipf's Law.

All graphsshaw theaveragey valuefor thegivenx value(rankor frequeng.)
On the otherhand,correlationsin this work are basedon eachindividual value
andnotontheaverages.
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Figurel: Therelationshipbetweertheprobabilityof atwo word phraseoccurring
andtheEMIM betweerthetwo terms.

4 EMIM as a Function of Phrase Frequencyand
Rank

Informationtheorymay be appliedto the studyof phraseoccurrence orderto
help us describeandunderstanaxisting relationshipsetweenerms. The rela-
tionshipsbetweenthe termsin a term-pairmay be examinedby looking at the
informationthattermsin the pairsprovide abouteachother By consideringhe
empiricalrelationshipgoundbetweerthe EMIM andtherankandthefrequeny
of eitherterm-pairsor of theindividual termsin the pairs,we candiscerntrends
that are both interestingby themselesandthat enableus to explain otherphe-
nomenasuchasthe Zipf or Luhn models.

Figurel shavstherelationshipbetweerthe EMIM of termsin term-pairsand
the frequeng of the term pairsin the CF database.Clearly aswe move from
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rareterm-pairgo morecommonterm-pairspntheaveragethe EMIM increases.
A secondobsenation that can be madeis that the lowestfrequeng term-pairs
closelyfollow thetrendline in Figurel andthenbegin to diverge from thetrend
line whenthe term-pairsbecomeasfrequentasaboutonein tenthousand.This
frequeny roughly correspondgo rank 1000. The diversity increasesgor more
commonterms,thosethatarelesslik ely to betopic-carryingterms.

Theincreasingvariationwith higherprobability termsmay be duein partto
the aggregationthat hastaken placein the dataset. Commontermsoften have
their own unique frequenciesso that somepoints representingnore common
termsrepresenbnly a singletermtype. Thosetermsthatarerareoccurwith low
frequenciesuchasoneor two or threeoccurrencesTherearemary termswith
eachof thesdow probabilitiesof occurrenceTheaggreationof thosetermswith
a givenrare probability may damperfluctuationsthat might be found with more
commontermtypesthatoccurwith muchlower numbersf termtypes.Thismay
explain,in part,thegreatervariationseenn the centerandright partsof Figurel

Usingall individual valuesin the dataset, the correlationbetweerthe log of
thetermfrequeny andthe EMIM is .28.

Similarly, Figure 2 shavs the samekind of relationshipthat exists between
term-pairrank andthe EMIM. While thereis a moderateamountof variationin
theEMIM for highly rankedterms termsrankedgreatethanonethousandollow
the overall trendratherwell, with the variationdecreasing@sthe term-pairrank
increases.The correlationbetweenEMIM andthe log rank of phrasess —.28,
while the correlationbetweerEMIM andthetermrankis —.25.

We canconcludethatthereis a relationshipbetweerntermfrequeng or rank
andthe information betweenterms. If we limit oursehesto the lesscommon
terms,thoseabove rank 1000, the relationshipis relatively strongand seemso
captureafundamentatinderlyingregularity.

5 EMIM asa Function of Frequencyand Rank of
Individual Termsin a Pair

Theoccurrencesf termsin naturalanguagereoftendependendbntheoccur
rencef thetermsimmediatelyaroundthem. This dependencmaybemeasured
with the EMIM, computedrrom knowledgeof the frequencief the two terms
in aterm-pair Datain Figuresl and2 shav that, whenexaminingpairsof se-
guentialtermsfrom documentsn the CF databasehe EMIM generallyincreases
asthephraserequeng increasesHowever, Figure3 shavs thatwhenusingthe
termfrequeng from thefirst termin apair, the EMIM decreaseasatermmoves
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Figure2: Two termphraserankandthe EMIM betweertheterms.
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toward the mid-frequeng range,andthenincreasesgain. An almostidentical
plot is obtainedvhenusingthe secondermin the pairin placeof thefirst term.

Informally, the EMIM might be expectedto increasewith individual term
rank (andwith lowerfrequeng) becausenore-commoriermsmightbe expected
to carry lesssubject-basethformationaboutthe termsor their neighbors. The
higherfrequeng termsmight have lessself-informationandthusareinformally
lessinformativeor lessuseful. Thisis similarto theassumptiomnderlyingtheln-
verseDocumentrequenyg (IDF) termweightingthatis oftenusedn information
retrieval applicationgSparckJones1972;Losee, 1998).

However, we find thatthe EMIM betweentermsin a term-pairis minimized
for mid-frequeng terms, asis shavn at the centerof Figure 3. Phrasewith
more commonlyoccurringfirst termscarry more EMIM. Commonphraseson-
taintermsthatco-occumorefrequentlyandthusaremorepermanentonstructs;
the phrasesnay betreatedasunits of meaningratherthanastwo separatenean-
ing units. When phrasesoccurwith unusualfirst terms,they arelesslikely to
be usedasa unit, but arerathera temporaryunion developedfor the purposeof
conveying ameaningor idea.

In summarythreeinformation-relategghenomenarefoundin terms:(1) The
IDF weightingsystemsuggestshatthe lessfrequentis the occurrencef aterm,
the betterthetermwill sene asanindex termor asarepresentate of whatthe
documents about;(2) Figurel shavs that,in general,asphrasefrequeng de-
creasesthe EMIM betweertermsin the phraseslecreaseg3) Figure3 suggests
that as the first term in a pair of termsvariesin frequengy, the lowest EMIM
betweertermsin thepairis foundin the mid-frequeng range.A similar setof re-
lationshipss obsernedwhenusingthe secondermin thetwo-termphraseather
thanthefirstterm.

6 Entropy and Rank

The entrofy of a term-pairis a function of the pair’'s frequeng. Giventhe
strongrelationshipbetweenterm frequeng and rank describedby Zipf's Law
andtherelationshipbetweerrankandfrequeng seenwhencomparing-iguresl
and2, we may expectthereto be a relationshipbetweenphraseandtermrank,
frequeng, andentropy.

Thedatashowvnin Figure4 is similarto thatfoundelsavhere(Smith& Devine,
1985). Theoreticalagumentdor someof the variationsasphrasesizesincrease
areprovidedby Egghe(1999). Therelationshigpetweemrankandfrequeny shifts
in aconsistentvay asoneincreaseshe sizeof the phrase$einganalyzedrom
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Figure5: Theentropy of phraseslecreaseasthe phraseankincreasesPhrases
of asingletermareto the upperright and phrasef 4 consecutie termsareto
thelower-left.

beingoneterm (toward the upperright) to phrasescontainingfour consecutie
terms(toward the lower-left). Of interestis the cross@er in Figure4 thatalso
occursin SmithandDevine’s datasetsFigure5 similarly shavs therelationship
betweerentrofy andrankfor phrasesonsistingof from oneto four consecutie
terms. Following earlierwork relatingrank, frequeng, andentroyy for different
sizedphrasegSmith& Devine, 1985; Yavuz, 1974),the entrofy for the phrases
shawvs a strongregularity with the sizeof the phraseandthe rankof the phrase.

Clearly, thedatain Figure5 suggestshatZipf's Law andits consequenteg-
ularitiescanbeexpressedsarelationshipbetweertermentropy andranksimilar
to the moretraditionalform of the Law asrelationshipbetweenterm frequeny
andrank.

Entropy is shavn empirically to decreaseegularly asthe rank of termsin-
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creaseand,similarly, the entrojy decreaseasthefrequeng of termsdecreases.
Thedefinitionalrelationshipbetweerphrasegorobabilityandentropy is described
by Equationl.

The curve representingingletermscrossesver the curve representingerm
pairsnearthe bottomof Figures4 and5. In addition,othercrosseersoccur The
crosseersaredueprimarily to thedifferenttermsthatoccurin phrase®f agiven
lengthor size. The numberof uniquephrasef lengthn is alwaysgreaterthan
or equalto thenumberof uniquephrase®f lengthn — 1. Givenz uniquephrases
of lengthn — 1, theremustbe at leastz uniquephrase®f lengthn becausé¢here
would be z uniquephrase®f lengthn beginningwith the samex phrasexom-
posedf n—1 terms.If someof thex uniquephrase®flengthn—1 werefollowed
by morethanonedifferenttermwhenmadeinto auniquephraseof lengthn, there
would be morethanz uniquephraseof lengthn. Clearly phrasesvith a given
termwill almostalwayshave differentranksin phraseof differentsizes.Given
theincreasediumberof uniquephrasessthelengthincreaseghrasesvith some
of thesametermswill nothave thesamerank,mayshiftin rankin aregularman-
ner, andwon’t beabove andbelow eachotherin the Figures.Putdiferently, aswe
move towardlongerphrasesthe numberof typesincreasesandthe probability of
eachtype decreases;hangingthe characteristic®f eachline to yield the slope
and crosseer seenin the Figures. This loosely explainsthe differentplots for
differentphrasdengthsandsuggestsvhy the cross@er phenomenoexists.

A similar analysisof entrofy andrank hasbeenperformedon othertypes
of textual data,which aredescribednorefully in Losee(1996),includingsetsof
document$n computationalinguistics,theoreticabndexperimentaphysicsand
classicsof Englishlanguagditerature. The resultsare similar to thosefoundin
Figure5. Minor differencesaresometimegound. For example,notethe change
foundin the entrogy for longer commonphrasesn Englishliterature,asshovn
in Figure6.

7 Luhn’sModel of Term Aboutness

HansPeterLuhn (1958)suggestedhat mid-frequeng termsarethe bestindica-
torsof topicality, andthatvery commonandvery raretermsarewealer discrimi-
nators.Thisis in contrasto the InverseDocument-requeng (IDF) basednodel
thatimplicitly suggestshattermscontinueto increasen worth asindex terms
asthe relative frequeng of documentswith the term decrease¢SparckJones,
1972).Thisis similarto rankingby overalltermrarity in the databaseThe same
argumentdelav applyto the constrasthatcanbe dravn betweern_uhn’s model
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and other probabilisticmodelsof text, including entrofy basedmodels(Shan-
non,1951;Salton& McGill, 1983;Losee,1990)andtermdiscriminationmodels
(Robertsor& SparcklJones1976;Salton& McGill, 1983;Losee,1998).

Figure 3 shavs that asone approacheshe mid-frequeng termsfrom either
thehigheror lower frequeng terms,the EMIM betweenthetermsin atwo term
phrasedecreasesThe minimum EMIM occursbetweerntermswith probabilities
rangingfrom .001 to .0001.

Termswith lowerEMIM valueshave morecapabilityto provide self-information
or “aboutness$,becausdessof theinformationthe term carriesis determinedyy
the neighboringterms. The datain Figure3 suggesthatasonemovesfrom the
mostcommonterms,at theright sideof the graph,towardthe centey theamount
of informationthatatermcarriesby itself becomegessinfluencedy surrounding
terms. Oncethe centerof thefigure is passedandone movesfurthertowardthe
left side,termsof lower frequeng thanthe mid-frequeng termsareencountered
andthe EMIM increaseslightly, althoughnot to the level found with the most
commonterms.This suggestshatthevery raretermsarenotasgoodat discrim-
inatingasarethe mid-frequenyg terms,but they arebetterthanthe very common
terms.

Luhn’s distribution andthe EMIM-basedexplanationfor it canbe usedto se-
lect naturallanguagecomponentsor indexing or termweightingpurposesbhased
onthelikelihoodthata termwould be subject-bearingFor example,termswith
lower EMIM aremorelikely to be subjectbearingterms. By choosingphrases
with thelowestEMIM valueswe obtainphrasesandindividual termsthatcanbe
usedfor indexing. Sentencesvith higherratesthannormalof low EMIM terms
might be assumedo be more subjectbearingthan other sentencesThesesen-
tencesmight be includedin anautomaticallygeneratedbstracior an automatic
summaryof adocument.

Therelatve amountof informationassumedby IDF weightingsupportsa dif-
ferentmodel of term valuationthando the EMIM results. The IDF weighting
systemis motivatedby the desireto increaseéhe termweightaswe increasehe
specificitywith lesscommonterms(SparckJones 1972). Thus,termsoccurring
in few document$iave higherweightsthancommonterms.However, rarephrases
mayhave lower EMIM valuesbetweertermsthando mid-frequeng phrases.

Termsthat receve lessinformationaboutneighboringtermsarethoseterms
thatLuhn predictswill bethe bestdiscriminatorsWe referto the empiricalrela-
tionshipsdiscussedborethatsupport.uhn’smodelasthelnverseRepesentation—
EMIM rule. Thosetermsthat bestrepresenthe subjectof a documentor text
fragmentare thoseproducingthe lowestEMIM values. This rule holds, on the
averagepverthefull rangeof termfrequencies.
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Giventhisrule, we proposehattermsmay be weightedbasedon eitherterm
frequeng (IDF) or basedon the averageEMIM betweenthe termandits neigh-
bors (InverseEMIM Weighting). BecauseEMIM information, like IDF infor-
mation, canbe obtainedwithout knowledgeof whatthe userconsidergelevant,
weightinga term by notingits averageEMIM with neighboranay be computed
by a systembeforebeing presentedvith a query The useof this weightingal-
lowsfor high processingpeed®n searchenginesandotherretrieval systemghat
dependnrapidresponseto queries.

The InverseEMIM weightingfor term¢ is proportionalto the logarithm of
1/E(EMIM, ,), wheretermt is thefirst termin thephraseandwheretheaverage
is computedverthesetof Z values.Becausatermhasaneighboronbothsides,
we might weight a term by taking the sum or the averageof the weightsfrom
both directions. Unlike the IDF weight, mid-frequeng termshave the highest
weight,the leastfrequenttermshave mid-level weights,andcommontermshave
thelowestweights.

Clearly, this weightingis differentthanIDF weighting. Like the IDF weight,
thelnversesEEMIM weightcanbe pre-computedor eachterm beforethe system
acceptsary queries. The InverseEMIM may be computeda numberof ways,
andthe exact natureof the averagingmay have a significantimpacton the ef-
fectivenes®f theweightin retrieval applicationgLosee 2001). Whichaveraging
methodperformsbetter andunderwhatcircumstancesemainsanopenquestion.

8 Term Relationshipsasa Partial Causefor the Zip-
fian Distrib ution

What causesank-frequeng relationsassuggestedby Zipf’'s Law, andwhatde-
terminesthe statisticalfrequeng or the entrofy of aterm? In earliersections,
we consideredsomeof the obsenablerelationshipghat exist betweentermand
phrasecharacteristicsUsing informationtheoreticmeasuresywe have beenable
to shaw relationshipshetweeninformation (entroy and EMIM), term frequen-
cies,andranks. While theremay be otherfactorsthat contribute to the develop-
mentof power laws suchasZipf’s Law (Anderson& Twenegy, 1997),the model
we suggesbelov canbe usedto partially accountfor obsenedtermfrequencies
andthusfor someof theform takenby Zipf’s Law.

How doesthe Zipfian modelarisefrom termsin the setof naturallanguage
statements®et usbegin with the completesetof statementin alanguage.The
termsin thissethave anassociategbint entrofy. Beginningwith thisjoint entrogy
andby therepeatedpplicationof the dependencielsetweerterms,we canarrive
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atindividual termcharacteristicsandthusat somecharacteristicef Zipf’s Law.
We believethatthisis theprimarycausafactorfor Zipf’sLaw, andthattheinverse
isn't true, that Zipf’s Law is the causeof the joint entrogy for naturallanguage,
takenasawhole. Insteadtheinitial distribution of all languagesgombinedwith
term dependenciethat reflect naturally occurringdependenciem the physical
world, arethe first causes.Theseultimately causethe occurrence®f individual
terms,andthusZipf’s Law.

In theworld, therearedependencielsetweerobjectsandtheir characteristics.
Rodksandsoil co-occurwith somefrequeng, asdo blizzads northernlatitudes
andthe atmosphez. The correspondingermsthatrepresentheseconceptdave
similar dependencieslermrelationshipsndicative of phenomenologicalepen-
denciesareafrequentandregularcomponenof all naturallanguagesandproba-
bly of syntheticlanguagesswell.

The derwvation of single term characteristic§rom term pairsis asfollows.
Beginningwith Equation3, we find thatfor randomtermvariablesl’; andTs,

H(Tl) = I(Tl,TQ) + H(Tl,TQ) — H(TQ)

Theentropy of thefirst termin a pair is totally determinedy the sumof theen-
tropy of the pair, the EMIM betweenthe terms,andthe negationof the entroyy
of theseconderm. Let usassumehat H (73) approximatedd (77). As anequal-
ity, this happensnfrequently However, asanapproximationjt cansimplify our
argumentsowe may moreclearly seethe relationshipbetweerotherfactorsand
termentrogy. Thus,if they aresimilarly rankedterms,we mayestimate

H(T) ~ (I(Ty; Ty) + H(Ty, T) ) /2.

Herethevalueof H (T}) is completelydeterminedy knowledgeof (7;;T3) and
H(T1,T5), theEMIM betweerthetermsandthejoint entrofy of thetermpair.

For a fixed H (T}, T3), increasingl (73; ;) canbe saidto increaseH (7).
Therefore,the singleterm entrofy canbe understoodasa function of the joint
entrofy andof theinformationthe termsprovide abouteachother Using similar
relationshipspnecanmove from the entrogy of languageasa wholetowardthe
characteristicsf individualterms.

Figure 5 shaws that the entrofy increasesasthe term or phrases rank de-
creases.Similarly, Figure 2 suggestghatthe EMIM increasesasthe term rank
decreases.The entrofy for a singleterm is generallygreaterthan the entroyy
for a phrasecomposedf multiple terms. Giventhe above relationshipsye can
seehow theentropy associateavith a singletermmaybedervedfrom thelesser
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amountof information (entrogy) in a more complex grouping of terms, along
with the EMIM associatedvith the phrase.In generalthe entrogy for a phrase
of lengthn may be basedn parton the entrogy for a supersephraseof length
n + 1 andthe EMIM associateavith the phraseof lengthn + 1. We suggesthat
thechangedbetweerphrase®f differentlengthsin Figure5 aredueto the EMIM
componentshowvn in Figure?2.

9 Discussionand Conclusions

We have suggestetierethatrelationshipxist betweertermandphrasdrequen-
cies and ranks, and betweenthem and information theoreticconcepts suchas
entrofy andthe expectedmutualinformationmeasurgEMIM). In Figurel we
shavedthe relationshipbetweerthe probabilitiesof term-pairsandtheir EMIM,
with Figure 2 similarly shaving the relationshipbetweenEMIM and term-pair
rank. As term-pairsincreasein probability we find that their EMIM also in-
creases.Interestingly the regularity of this relationshipholds moststronglyfor
lessfrequentterm-pairswith morecommonterm-pairshaving a greaterdiversity
of EMIMs.

In amannersomeavhatsimilar to thatshavn with otherstudiesof Zipf’s Law
(Smith& Devine, 1985),Figure5 shavs ushow the entrofy or averageinforma-
tion in a phrasedecreaseasthe phrasedbecomdesscommon.This relationship
holdsfor a numberof phrasesizes,with sizesof onethroughfour beingstudied
here.Figure5 shovs a downwardshift in entrogy valuesasthe numberof terms
groupedogethetincreases.

We canlocatethosetermsthatbestrepresenthe subjectof adocumenusing
theseinformationtheoreticmethods.Figure3 shavs how EMIM varieswith in-
dividual termsfrequenciegrom within term-pairs.This relationshipcanbe used
to explain Luhn’s model of the interactionbetweenterm frequenciesand their
associatederm discriminationvalues. Phrasesvith mid-frequeng termshave
lower EMIM abouttheir neighborsthan do high or low frequeng terms. The
mid-frequenyg termsare lessdependenbn their neighborsand are moreinfor-
mative aboutthemseles. We referto this asthe InverseRepresentation—-EMIM
principle. By findingthelow EMIM pointin Figure3 andmoving ashortdistance
to the left andto theright, we canselectthosetermsthat bestsere asindexing
terms. An InverseEMIM weight is suggestedhat weightstermsfor indexing
andretrieval purposesndthatis consistentvith Luhn’s modelof therelationship
betweertermdiscriminationcapabilitiesandtermfrequencies.

We maychooseo view Zipf’'s Law asa consequencef therelationshipghat
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exist betweenterms. Given languagetaken as a whole, and with the repeated
applicationof equationsrelating joint entrogy, EMIM, and individual entroyy,
we arrive at termfrequenciesandranksthat canproducethe termfrequenciesn
Zipf's Law. It seemanorenaturalto acceptthat Zipf’'s Law is causedoy these
moregenerakoncernsratherthanZipf’s Law arbitrarily causingrelationshipsn
languageasawhole.

Thereareseveralregularitiesthatexist in naturallanguage We have focused
onthoseregularitiesthatarebasedn termdependenciesuggestingracticalap-
plicationsfor theserelationshipsincludingindexing andthe automaticextraction
of key sentencesAlso, we have offeredpartialexplanationdor popularlinguistic
models proposedy Zipf andLuhn, in termsof informationtheoreticandempir
ically basedelationships.
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