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Abstract
An empiricalstudyis presentedshowing how factorssuchasco-occurrencefrequency, linguistic con-
straintsin thecandidatedataandtypeof collocationto beidentifiedinfluencetheidentificationaccuracy
achieved,on theonehand,by a merefrequency-basedapproachand,on theotherhand,by well known
statisticalassociationmeasuressuchasmutualinformation,Dice coefficient, relative entropy andlog-
likelihoodstatistics.Theempiricalresultsconfirmtheweaknessof thestatisticalmeasureswith respectto
identifying collocationsfrom datawith a high proportionof low frequency data,andrevealdifferences
betweenthe individual associationmeasuresdependingon the classof collocationsto be identified,
whetherthey areappliedto full or baseform data,andwhetherthe testsamplescontainlow frequency
dataor not.

1 Intr oduction

In computationallinguistics,anumberof statisticalmeasureshavebeenproposedfor computing
thelexical associationbetweenwordsemploying largetext corpora.Someof thesemethodsare
now goingto beincorporatedinto lexicographicworkbenchesin orderto improvetherankingof
concordances.While themathematicalpropertiesof thestatisticalmodelsarewell known, it is
still anopenquestionhow theparticularcorpusemployedfor collocationextractioninfluences
theidentificationresults.

In thepaper, anempiricalstudyis presentedinvestigatingthedifferencesin identificationaccu-
racy betweenstatisticalassociationmeasureson theonehand,andstatisticalassociationmea-
suresaswell asmereco-occurrencefrequency ontheotherhand.Thefollowing questionsshall
beanswered:

Q1 Do themathematicaldifferencesbetweenthestatisticalassociationmeasureshavesignif-
icanteffectswhenappliedto Germanpreposition-noun-verb(PNV) combinations?

Q2 Is thereasinglebeststatisticalmeasurefor identifying collocations?

Q3 Is therea differencebetweenthemoresophisticatedstatisticalassociationmeasuresand
asimplefrequency-basedapproach?

Theparticulartaskis identifyingPP-verbcollocationsfrom GermanPNV-combinations.Prepo-
sition, nounandverb are consideredto be the major lexical elements,the collocates,of the
collocation.Thefollowing parametersarevariedin theexperiments:

1. Inflectionalvariationof the verbalcollocate:the verb occurseither in full form or the
inflectionalvariantsaregeneralizedto acommonbaseform, hereinfinitive.
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2. Occurrencefrequency of thePNV-combination:threesamplesaredistinguished,sample
A – PNV-combinationswith occurrencefrequency equalto or largerthan10;sampleB –
combinationsthatoccur5 timesor more;andsampleC – combinationsthatoccur3 times
or more;wherebythefollowing holds:A � B � C.

3. Collocationtype:wedistinguishFunktionsverbgefüge(FVG) andfigurativeexpressions.

Five methodsfor collocation identification will be examined in section 3. The statistical
measuresunderinvestigationare:specificmutual informationMI [ChurchandHanks,1989],
the log-likelihood statistics Lgl presented in [Dunning,1993], the Dice coefficient
[Smadjaetal., 1996], andrelativeentropy I asknown from informationtheory, seefor instance
[CoverandThomas,1991]. As a control strategy, mereco-occurrencefrequency f req is also
takeninto account.MI is examined,becauseit wasthefirst proposalfor a statisticalapproach
to collocations.It is still widely employed.Lgl hasbeenintroducedasa remedyfor theinade-
quacy of MI whenappliedto low frequency data.Dicehasbeenintroducedasanalternative to
MI for identifying sourcelanguagecollocationsandtheir equivalentin a target language.I is
takeninto account,becauseit is equvalentto Lgl.

Theprerequisitesfor theexperimentsaredescribedin section2. It is shown how thebasedata
areselectedfrom thecorpus(2.1).Two classesof PP-verbcollocationsaredistinguished(2.2),
andtheestimatesemployedfor collocationidentificationarepresented(2.3).

2 Prerequisites

2.1 Construction of BaseData

To identify potentialPP-verbcollocations,an8 million word portionof theFrankfurterRund-
schauCorpus2 hasbeenautomaticallypart-of-speechtaggedandthenminimal PPshave been
identified employing a stochasticphrasechunker. (See [Brants,1996] for a descriptionof
the taggerand[Skut andBrants,1998] for a descriptionof the chunker.) The PNV-triples are
automatically3 selectedfrom thesyntacticallypreprocessedcorpusaccordingto the following
criteria:P andN mustbeconstituentsof thesamePP, PPandV mustco-occurin a sentence.
Theverbsin thecurrentstudyareconstrainedto mainverbs.Basedonthesedata,two candidate
setsarecreated:Set1 (PNV-full-form data)consistsof pairsof PNV-full-form-triples andtheir
occurrencefrequency in the extractioncorpus.Set2 (PNV-base-formdata)consistsof PNV-
tripleswheretheverbformsaregeneralizedto infinitivesandrelatedoccurrencefrequencies.4

In table1, a list is presentedof thetenmostfrequentPNV-full-form and-base-form-triplesthat
havebeenfoundin thecorpus.

2.2 Selectionof TestSets

In orderto testthemodelsfor collocationidentification,tripleswhichoccurlessthanthreetimes
aredeletedfrom thecandidatesets.A cut-off thresholdof threehasbeenchosenbecauseof the
following considerations:On theonehandwe want to eliminatelow frequency data,because
applyingstatisticalmodelsto low frequency dataleadsto poor results.On theotherhand,we
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PNV-full-forms frequency PNV-base-forms frequency

umUhr beginnt 379 zurVerfügungstellen 457

bisUhr geöffnet 182 umUhr beginnen 420

zurVerfügungstehen 174 zurVerfügungstehen 404

zurVerfügunggestellt 143 bisUhr öffnen 196

zurVerfügungstellen 128 umsLebenkommen 195

zurVerfügungsteht 115 aufProgrammstehen 193

umsLebengekommen 111 in Anspruchnehmen 192

aufProgrammstehen 98 im Mittelpunktstehen 176

in Anspruchgenommen 95 aufTagesordnungstehen 159

amMontagsagte 95 in Fragestellen 146

Table1: The10mostfrequentPNV-full-form- and-base-formtriplesoccurringin theextraction
corpus

wantto keepacertainnumberof low frequency datato increasethedifficulty of thetaskfor the
models.

Reductionof thebasesetby wordcombinationswhichoccuronly onceor two timesreducesthe
setof candidatecollocationsby 97% for thecurrentcorpus.Theremaining3 % (10430items)
of PNV-tripleshavebeenmanuallyclassifiedinto collocationsandnoncollocations.In addition,
thecollocationshavebeengroupedinto Funktionsverbgefüge(FVG) andfigurativeexpressions
employing thecriteriashown in figure1. Thethusselectedsetof “true” collocationsis usedfor
evaluatingtheoutputof thestatisticalmodels.

For testing,the reducedsetof collocationcandidatesis groupedinto threesamplesA, B and
C resultingin threesetswith varyingdifficulty for thestatisticalmodels.It is expectedthatthe
modelsin generalperformbeston setA andworston setC, asA containsonly high frequency
datawhereasC coversa largenumberof low frequency data.The tablebelow shows thetotal
numberof PNV-triplesin thesets.

A B C A B C

full form data 747 2 864 10 431 1 249 4 489 14 660 baseform data
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deadjectival
yes

main semantic
noun provides

contribution

no
figur

yes
FVG

no

word combination

semantically opaque yes
figur

or other
abstract noun

deverbal,

no

figur
yesconcrete noun

Figure1: Criteriafor manualdistinctionof figurativeexpressionsandFVG

2.3 Measuresand Estimates

As identificationof PP-verbcollocationsis reducedto identifying PN-V collocations,thedata
requiredcanberepresentedin a 2 � 2 contingency table.Seetable2. Note: theco-occurrence
thresholdof 3, only thosePNV-combinationsareconsideredwhere f

�
c1c2 ����� 3.

c2 � c2

c1 f
�
c1c2 � f

�
c1 � c2 �� c1 f

� � c1c2 � f
� � c1 � c2 �

Table2: Contingency tablefor collocationswith two collocates

with
c1 = PN,c2 = V;
a � f

�
c1c2 � is the frequency of a particularPNV-triple PNVi , i � 1 	
	
	 m thenumberof PNV-

triplesin thecandidateset;
b � f

�
c1 � c2 � is thesumof the frequenciesof all PNV-triplesconsistingof PNPNVi but a verb

otherthanVPNVi ;
c � f

� � c1c2 � is thesumof thefrequenciesof all PNV-triplesconsistingof VPNVi but aPN-tuple
otherthanPNPNVi ;
d � f

� � c1 � c2 � is thefrequency of all PNV-triples for which PN is differentfrom PNPNVi and
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V is differentfrom VPNVi ;
N � a � b � c � d; and

p11 � a
n

, p12 � b
n

, p21 � c
n

, p22 � d
n

, p1 � a � b
n

, p2 � c � d
n

, q1 � a � c
n

, q2 � b � d
n

,

wheren is a normalizationfactor5.

Employing theestimateswecalculate:

MI � log
p11

p1 � q1
Dice � log

2 � p11

p1 � q1

Lgl � 2 �  p11 � log
p11 � N
p1 � q1

� p12 � log
p12 � N
p1 � q2

� p21 � log
p21 � N
p2 � q1

� p22 � log
p22 � N
p2 � q2 �

I � p11 � log
p11

p1 � q1
� p12 � log

p12

p1 � q2
� p21 � log

p21

p2 � q1
� p22 � log

p22

p2 � q2

Consideringtheaboveformulas,weseethatMI andDiceaccountonly for positiveoccurrences
(a � b � c)6, whereasLgl andI take thecompleterangeof datainto account.In addition,Lgl and
I arecloselyrelated,bothmodelingtherelationplog p

q betweentwo frequency distributionsp,

q. Thefollowing equationholds:Lgl � 2I � 2N
n logN.

3 Empirical Study

3.1 Hypotheses

In orderto answerquestionsQ1 to Q3, we establishtwo pairsof researchandnull hypotheses
H1, H0 andH̃1, H̃0 for FVG andfigurativeexpressions.

1. Onepair for addressingthegeneraldifferencesbetweenthemodels:

HFVG� f igur
1 : The lexical associationmodelsdiffer in their feasibility to identify

FVG/figurativeexpressions.

HFVG� f igur
0 : Thereareno differencesbetweentheassociationmodelswith respect

to identifyingFVG/figurativeexpressions.

2. Onepair for examiningwhetherthereis onesuperiormodel:

H̃FVG� f igur
1 : Thereis asinglebestmodelfor identifyingFVG/figurativeexpressions.

H̃FVG� f igur
0 : Thereis no singlebestmodel for identifying FVG/figurative expres-

sions.
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3.2 Identification Procedure

For comparingthe modelsDice, I , MI , Lgl and f req the following automaticprocedureis
employed.

1) Each model is applied to the elementsin samplesA, B and C. As a result eachPNV-
combinationpersampleis associatedwith 5 values:aDice-, I -, MI -, Lgl- and f req-value.

2) For eachmodel,thePNV-combinationspersampleareorderedin descendingorderstarting
with thecombinationwhichhasbeenassignedthebestvalueaccordingto themodelemployed.
Thusthereareat most5 differentorderingsfor theelementsof asample.

3) From theseorderings,the n highestranking word combinationsare selected,with n �
500� 1 000� 1 500� 2 000.Wherebyn determinestheborderlinebetweencollocationsandnon-
collocations.In thecaseof setA, thereis only onesample,n � 500,becausesetA full forms
containsjust747wordcombinations.Thestrategy hasbeenchosenbecauseit imposesuniform
evaluationcriteriaon themodels.

4) Thethusspecifiedsamplesarecomparedwith themanuallyselectedlist of truecollocations.

Summingup,first we get for eachmodelninesamples(S1– S9)of potentialcollocations.S1:
A n � 500is thesamplecontainingthe500highestrankingPNV-combinationswhenthemodel
hasbeenappliedto setA; S2:B n � 500is thesamplecontainingthe500highestrankingPNV-
combinationswhenthe modelhasbeenappliedto setB; . . . ; S9: C n � 2 000 is the sample
containingthe 2 000 highestrankingPNV-combinationswhenthe modelhasbeenappliedto
setC. Thentheresultsarecomparedwith themanuallyextractedlist of truecollocations.Thus
we get for eachsampleS1 to S9 of eachmodela numberof true positives(correctly identi-
fied collocations)anda numberof falsepositives(erroneouslyidentifiedcollocations).These
numbersarethebasisfor statisticalsignificancetesting.

3.3 Evaluation

First of all, we areinterestedin thesignificanceof thedifferencesbetweenthefivemodelsMI ,
Dice, Lgl, I and f req. χ2 testsfor k independentsamplesarechosenasteststatisticsbecause
the test is nonparametricandapplicableto dataat nominal scale.7 In termsof our testdata,
independentsamplesmeansthat eachmodel for collocationidentificationselectsa different
subset(sample)from thecandidatedata.Thedataareat nominalscale,asPNV-combinations
are groupedtogetheraccordingto their occurrencefrequency in the extraction corpus,with
occurrencefrequenciesbeingusedasgrouplabels.χ2 testsfor five independentsamplesare
computedemploying theresultsachievedby the(five)modelsfor samplesS1to S9.In thetest,
thetrueandfalsepositivesobservedby eachindividualmodelarecomparedwith theexpected
oneswhich arebasedon theobserveddataof all modelstogether.

In a secondstep,χ2 testsfor two independentsamplesarecomputedfor thosesamplesS1(A
n � 500)to S9(C n � 2 000),whereasignificantdifferencebetweenthemodelshasbeenfound
in thefirst step.Now it is testedwhetherthereis a bestmodelor a groupof bestmodelswhich
significantlydiffer from theothermodel(s).“Best” is measuredin termsof precision,herethe
numberof truepositives.Resultsarepresentedfor FVG in table3 andfor figurativeexpressions
in table4.
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Funktionsverbgefüge

set n full forms baseforms

bestmods χ2 bestmods χ2

A 500 MI Dice 1.19 I/Lgl freq 0.38

134118 n.s. 112103 n.s.

B 500 freq I/Lgl 0.65 freq I/Lgl 13.62

10190 n.s. 10359 .001

1 000 I/Lgl freq 4.6 freq I/Lgl 2.51

201163 .05 159133 n.s.

1 500 I/Lgl MI 0.52 I/Lgl freq 0.01

269253 n.s. 192189 n.s.

2 000 I(Lgl) freq 0.23 I/Lgl freq 3.92

310(298)288 n.s. 251210 .05

C 500 freq I(Lgl) 16.16 freq I/Lgl/Dice 100.51

10154(51) .001 1034 .001

1 000 freq I/Lgl 5.87 freqLgl 81.08

163124 .02 15938 .001

1 500 freq I/Lgl 0.79 freq I 36.19

223205 n.s. 18992 .001

2 000 I/Lgl freq 0.16 freq I/Lgl 17.46

298288 n.s. 210134(133) .001

Table 3: Results:the bestassociationmodelsfor identifying FVG from PNV-full and -base
formscomparingMI , Dice, I , Lgl, mereoccurrencefrequency f req; n.s.= notsignificant

In addition,it is distinguishedwhetherthe modelsareappliedto full or baseform data.The
notationX/Y meansthat the modelsX andY identify the samenumberof true collocations.
X(Y) meansthatthedifferencebetweenthenumberof collocationsidentifiedby themodelsis
very small.For examplethe informationrelatedto setC n � 500 in table3 readsasfollows:
f req, I andLgl arethe bestmodelsfor identifying FVG from PNV-full-forms. I andLgl are
groupedtogetherasthey identify a similar numberof truecollocations,i.e., 54 in thecaseof I
and51 in thecaseof Lgl. I andLgl areopposedto f reqwhich identifies101truecollocations.
Consideringthe numbers101 and 54 or 51, it is obvious that f req is better than I or Lgl.
This assumptionis verifiedby employing a χ2 testfor two independentsamplesto themodels
identifying the highestnumberof collocations,here f req and I . The resultingempirical χ2

valueis 16.16.Comparingthevaluewith atableof theoreticalvalues8 showsthatthedifference
betweenthemodelstestedis highly significant(α � 	 001).In otherwords,with respectto setC
n � 2 000full formsH̃FVG

0 is rejectedwith a probabilityof 99.9%. Thuswe concludethatfor
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FigurativeExpressions

set n full forms baseforms

bestmods χ2 bestmods χ2

A 500 no significantdifferencesbetweenthe5 models

B 500 no signif. diff. freqMI 0.56

betweenthe5 models 7162 n.s.

1 000 no significantdifferencesbetweenthe5 models

1 500 no significantdifferencesbetweenthe5 models

2 000 I freq 0.87 MI freq 2.17

208207 n.s. 232202 n.s.

C 500 freq I 1.93 freqDice 8.46

65 50 n.s. 7141 .01

1 000 freq I/Lgl 4.2 freqDice 14.47

11082 .05 12170 .001

1 500 freq I/Lgl 5.92 freqDice 24.29

162122 .02 17395 .001

2 000 freq I/Lgl 3.795 freqDice 27.38

207170 n.s. 202112 .001

Table4: Results:thebestassociationmodelsfor identifying figurative expressionsfrom PNV-
full and-baseforms comparingMI , Dice, I , Lgl andmereoccurrencefrequency f req; n.s.=
notsignificant;

theparticularsamplef reqis significantlybetterthanI , andasaconsequencesignificantlybetter
thanany of theothermodelstested.In the caseof baseform datathe highestrankingmodel,
f reqwith 103truecollocations,is comparedwith thenext lower rankingmodelswhich areI ,
Lgl andDice all threeidentifying just 4 truecollocations.Again it is obviousfrom thefigures
that f req is betterthanthe othermodels.This is confirmedby χ2 � 100	 51 with significance
level α � 	 001.

Finally, the goodnessof the associationmodelsis also measuredin termsof recall, i.e., the
numberof truepositivesfoundby aspecificmodeldividedby thetotalnumberof truepositives
in setsA, B or C. Table5 presentsanoverview of therecallvalues.For eachsamplethemodel
is listed which leadsto the highestrecall. Obviously recall increaseswith increasingsample
sizen.

3.4 Resultsand Inter pretation

Consideringtable5, we find similar patternswith respectto recall of FVG andfigurative ex-
pressionsfrom full form dataon theonehand,andfrom baseform dataon theotherhand,i.e.,

366



EXTRACTION OF TERMINOLOGICALLY RELEVANT MULTIWORD EXPRESSIONS

full forms baseforms

sets A B C A B C

FVG 144 369 710 174 304 412

%-FVG 19.3 12.9 6.8 14.0 6.7 2.8
perset

best 134 310 298 112 251 210

(MI, (I, (I/Lgl, (I/Lgl, (I/Lgl, (freq,
model n = 500) n = 2 000) n = 2 000) n = 500) n = 2 000) n = 2 000)

recall 93% 84 % 42% 64 % 83% 51 %

figur 96 282 586 150 338 527

%-figur 12.9 9.8 5.6 12.0 7.5 3.6
perset

best 80 208 207 82 232 202

(MI, (I, (freq, (MI, (MI, (freq,
model n = 500) n = 2 000) n = 2 000) n = 500) n = 2 000) n = 2 000)

recall 83% 74 % 35% 55 % 69% 38 %

66.9 69.8 19 40 44.6 13.6

%-datacoveredby asampleof sizen

Table5: Highestrecall valuesof FVG andfigurative expressionsfrom setA, B andC of full
andbaseform data;thefigureson thebottomof thetableshow thepercentageof datacovered
by samplesizen relative to thesizeof setsA, B andC

recallof collocationsfrom full form datais bestfrom setA, whereasrecallof collocationsfrom
baseform datais bestfrom setB.

Basedon the proportionof FVG andfigurative expressionsamongthe data,which decreases
from setsA to C in the caseof full andbaseform data,seethe percentagesin brackets,we
would expecta similar declinein recall for thebestmodels.Theexperimentalresultshowever
show thatthehighestrecallof FVG andfigurativeexpressionsis achievedfrom setA givenfull
form data,andfrom setB given baseform data.At least,the resultsachieved for baseform
dataparallelthepercentageof datacoveredby theindividualbestsamplesof sizen, i.e.,44.6%
givensetB, 40 % givensetA, 13.6% givensetC. This is not thecasewith respectto full form
data.Herehighestrecallof FVG andfigurativeexpressionsis achievedfrom setA, 93and83%
respectively, eventhoughthehighestpercentageof data(69.8%) in our comparisonis covered
by thebestmodelappliedto setB.

Anotherobservationgiventheexperimentaldatais that,with respectto all sets,recallof FVG
is higherthanrecallof figurativeexpressions,which is not fully consistentwith theunderlying
proportionof FVG andfigurative expressionsin the sets.In particular, setsB andC contain
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slightly morefigurativeexpressionsthanFVG.

Summingup,goodrecallof FVG andfigurativeexpressionsfrom full form datacanbeachieved
by applyingMI to highfrequency data(setA) andI or Lgl9 to highandmediumfrequency data
(setB). In thecaseof baseform dataB rangeshigherthanA, andI or Lgl arebettersuitedfor
FVG, while MI is moreappropriatefor figurativeexpressions.It is alsoimportantto noticethat
f reqcannotcompetewith thebeststatisticalmodelswhenrecallshallbemaximized.

Consideringtables3 and4, weseethattherearein all casessignificantdifferencesbetweenthe
modelswith respectto identifyingFVG,but therearenosignificantdifferencesbetweenthefive
modelswhenidentifying figurativeexpressionsfrom setA n � 500andsetB n � 1 000� 1 500
full andbaseforms,aswell assetB n � 500full forms.In otherwords,HFVG

1 is valid, whereas

H f igur
1 mustbepartially rejected.As aconsequence,thequestionabouttheexistenceof asingle

bestmodelor agroupof bestmodelsmaybeaskedfor FVG with respectto all samples,andfor
figurativeexpressionwith respectto setsC, setsB n � 2 000full forms,B n � 500� 2 000base
forms.

A generalobservation is that theperformanceof thestatisticalmodelsis poorwith respectto
setC. In all cases– identifying FVG andfigurative expressionsfrom baseandfull form data
– a merefrequency basedapproacheitheroutperformsthe statisticalmodelsor is at leastas
goodasthebeststatisticalmodel.I , Lgl and f reqhoweverapproximatewith increasingsample
sizen in thecaseof full form data.Theempiricalresultsconfirmwhatis expectedaccordingto
themathematicalpropertiesof thestatisticalmodels,namelythesuperiorityof I andLgl over
MI andDice for samplescontaininglow frequency data.But theresultsalsoclearlyshow that
thestatisticalmodelsemployedgenerallydeterioratewhenappliedto low frequency data.The
following particulartendenciescouldbeobserved,

with respectto FVG: MI andDicearethehighestrankingmodelsfor identifyingFVG from set
A of full forms,whereasI , Lgl and f reqarethe highestrankingmodelsfor identifying FVG
from setA of baseforms.I andLgl arethebeststatisticalmodelsfor identifyingFVG from sets
B andC of full andbaseforms.Freqis alwaysamongthebestmodelswhenFVG areidentified
from setsB andC full andbaseform data,andit performsbestfor C baseforms.

with respectto figurative expressions:Otherthanfor FVG, thereis no suchclearcutdifference
betweenthemodelsin identifyingfigurativeexpressions.I , Lgl, Dice, MI and f reqareequally
well suitedfor identifying figurative expressionsfrom setA of full andbaseform data,andin
themajority of cases,themodelsareequallywell suitedfor identifying figurative expressions
from setB of full andbaseform data.Thereis, on theonehand,a slight preferencefor MI in
thecaseof baseform dataand,on the otherhand,a slight preferencefor I in thecaseof full
form data.FreqclearlyoutperformsDice, thebeststatisticalmodelfor setC of baseform data.
Freqis alsoalwaysamongthebestmodelsfor thefull form data.GivensetC, I andLgl arethe
beststatisticalmodels.

with respectto full versusbaseform data:In thecaseof full form datacomparedto baseform
data,thenumbersof truecollocationsidentifiedapproximatefor thebestmodels.This is dueto
thefact thatprecisionof statisticalassociationmodels,especiallyI andLgl, stronglyincreases
from baseto full forms;but precisionof f reqstaysapproximatelythesame.
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4 Conclusion

Summingup, theresultsfrom theexperimenthaveconfirmedthatthereis nosinglebestmodel
for collocationidentification,but that the performanceof the modelsis influencedby the co-
occurrencerestrictionsin thecandidatesets,the linguistic constraintsappliedto thecandidate
data,andtheclassof collocationsexamined.Thusthefollowing insightsmaybeusedasguide-
linesfor collocationidentificationin thework of lexicographers.

With decreasingco-occurrencethresholdand increasingproportion of low frequency data
amongthecollocationcandidates,precisionof thestatisticalmeasuresdeteriorates.For an in-
creaseof identificationaccuracy, thefollowing two strategiesmaybepursued:1. consideronly
wordcombinationswith highco-occurrencefrequency, thenapplystatisticalmodels,preferably
MI or Dice for full form dataand I or Lgl for baseform data;2. on the onehandapply I or
Lgl to thecompletedatasetandselectthehighestrankedwordcombinations,on theotherhand
selectthe highestranked word combinationsaccordingto co-occurrencefrequency. Combine
thetwo sets.While 1. leadsto a strongerincreasein precision,a muchhighernumberof collo-
cationsis identifiedemploying 2. For example,considerthetwo bestmodelsfor sampleC full
form data.Thereare288FVG amongthe2 000highestrankedPNV-combinationsaccording
to I , andthereare298FVG amongthe2 000highestrankedPNV-combinationsaccordingto
f req. Combiningthetwo samplesresultsin 456FVG identifiedfrom themergedsamplewhich
contains3 447uniquePNV-combinations.

Anotheradvantageof 2. is thathigh andlow frequency collocationsarecovered,while in the
caseof 1. only high frequency collocationsaretouched.It is alsoimportantto notethat I and
Lgl leadto particularlygoodresultswhenthe candidatesetconsistsof full form data.In the
caseof baseform data, f reqoutperformsI andLgl. As aconsequence,strategy 2. is preferably
appliedto full form data,andstrategy 1. to baseform data.Full form andbaseform dataalso
differ with respectto recall,i.e.,high recallof FVG andfigurativeexpressionscanbeachieved
employing highfrequency full form dataor highandmediumfrequency full andbaseform data.
Consideringtheclassof collocationsexamined,theexperimentalresultshave revealedthatMI
andDice arethebestmodels,in termsof precision,for identifying FVG from high frequency
full form data,whereasI , Lgl and f req are the bestmodelsfor identifying FVG from high
frequency baseform data.On theotherhandall modelsareequallywell suitedfor identifying
figurativeexpressionsfrom high frequency baseandfull form data.

The resultspresentedin the paperprovide a further steptowardsa betterunderstandingof
empirical implications in statisticalcollocation identification.However, similar experiments
needto be pursuedemploying different corporaand examining other collocationsthan PP-
verbcombinations.10 And what is evenmoreimportant,methodsneedto bedevelopedwhich
allow collocationsto beidentifiedfrom low frequency data,becausethevastmajority of word
combinationsin corporais infrequent.
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Notes
1Suchanexampleis Qwick the lexicographicworkbenchdevelopedby O. MasonandJ. Sinclairat

BirminghamUniversity(http://www.clg.bham.ac.uk/QWICK/doc/).
2TheFrankfurterRundschauCorpusis partof theEuropeanCodingInitiative ECI Multilingual CD-

ROM distributedby Text EncodingInitiative TEI.
3Thecandidateselectionis implementedin Perl.
4Mmorph– theMULTEXT morphologytool providedby ISSCO/SUISSETRA,Geneva,Switzerland

– hasbeenemployedfor determiningtheinfinitives.
5Usually n � N, thusthe pi j � pi , andqi areprobabilities,i.e., p11 ��������� p22 � 1, p1 � p2 � 1 and

q1 � q2 � 1. In thecurrentexamples(tables3 and4), n is thecorpussize,wherebythe pi j � pi , andqi are
notprobabilities.n hasbeenchosenin orderto keeptheir small.

6a � b � f � c1 ��� a � c � f � c2 ��� a � f � c1c2 �
7For an introductionto test statisticsand detailson the χ2 test seefor instance[Siegel,1956] or

any other introductorybook on test statistics.Examplesof χ2 testscomparingmodelsof collocation
identificationaregivenin [Krenn,2000], p. 48ff.

8Tablesareavailablefrom bookson teststatistics.
9becausethereis nodifferencein therankingorderof wordcombinationsemploying I or Lgl;

10Seefor instance[Lezius,1999] wherestatisticalmodelsandmerefrequency areemployedfor iden-
tifying Germanadjective-nouncollocations.
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