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Abstract

An empirical studyis presentedhaving how factorssuchas co-occurrencdrequeng, linguistic con-
straintsin the candidatedataandtype of collocationto beidentifiedinfluencetheidentificationaccurag
achieved, on the onehand,by a merefrequeng-basedapproachand,on the otherhand,by well known
statisticalassociatiormeasuresuchas mutualinformation, Dice coeficient, relative entrofy andlog-
likelihoodstatistics Theempiricalresultsconfirmtheweaknes®f thestatisticaimeasuresith respecto
identifying collocationsfrom datawith a high proportionof low frequeng data,andreveal differences
betweenthe individual associatiormeasuresiependingon the classof collocationsto be identified,
whetherthey areappliedto full or baseform data,andwhetherthe testsamplescontainlow frequeng
dataor not.

1 Intr oduction

In computationalinguistics,anumberof statisticameasurebave beenproposedor computing
thelexical associatiorbetweenvordsemploying largetext corpora.Someof thesemethodsare
now goingto beincorporatednto lexicographiovorkbenche# orderto improve therankingof
concordances/Vhile the mathematicapropertiesof the statisticalmodelsarewell known, it is
still anopenquestionhow the particularcorpusemployedfor collocationextractioninfluences
theidentificationresults.

In thepaperanempiricalstudyis presentednvestigatinghedifferencesn identificationaccu-
ragy betweenstatisticalassociatiormeasure®n the onehand,andstatisticalassociatiormea-
suresaswell asmereco-occurrencérequeng ontheotherhand.Thefollowing questionshall
beanswered:

Q1 Dothemathematicatlifferencedetweerthestatisticalassociatioomeasuresave signif-
icanteffectswhenappliedto Germarnpreposition-noun-erb (PNV) combinations?

Q2 Isthereasinglebeststatisticaimeasurdor identifying collocations?

Q3 Is therea differencebetweerthe moresophisticatedtatisticalassociatiormeasuresind
asimplefrequeng-basedapproach?

Theparticulartaskis identifying PP-\verbcollocationdrom GermanPNV-combinationsPrepo-
sition, noun andverb are consideredo be the major lexical elementsthe collocates,of the
collocation.Thefollowing parametersarevariedin the experiments:

1. Inflectional variation of the verbal collocate:the verb occurseitherin full form or the
inflectionalvariantsaregeneralizedo a commonbaseform, hereinfinitive.

359



Proceedingef EURALEX 2000

2. Occurrencdrequeng of the PNV-combinationthreesamplesaredistinguishedsample
A —PNV-combinationswith occurrencdrequeng equalto or largerthan10; sampleB —
combinationghatoccur5 timesor more;andsampleC —combinationghatoccur3 times
or more;wherebythefollowing holds:Ac B c C.

3. Collocationtype:we distinguishFunktionserbgefliggFVG) andfigurative expressions.

Five methodsfor collocation identification will be examinedin section 3. The statistical
measuresinderinvestigationare: specificmutualinformation M| [ChurchandHanks,1989,
the log-likelihood statistics Lgl presentedin [Dunning,1993], the Dice coeficient
[Smadjaetal., 1994, andrelative entrofy | asknown from informationtheory seefor instance
[CoverandThomas,1991. As a control stratey, mereco-occurrencdrequeny freqis also
takeninto accountMI is examined,becausét wasthefirst proposalfor a statisticalapproach
to collocationslt is still widely employed.Lgl hasbeenintroducedasa remedyfor theinade-
guagy of Ml whenappliedto low frequeng data.Dice hasbeenintroducedasanalternatve to
M1 for identifying sourcelanguagecollocationsandtheir equivalentin atargetlanguagel is
takeninto accountbecausdt is equ\alentto Lgl.

The prerequisitegor the experimentsaredescribedn section2. It is shovn how the basedata
areselectedrom thecorpus(2.1). Two classe®of PP-\erb collocationsaredistinguished?2.2),
andthe estimateemployedfor collocationidentificationarepresented?2.3).

2 Prerequisites

2.1 Construction of BaseData

To identify potentialPP-\erb collocations,an 8 million word portion of the FrankfurterRund-
schauCorpug hasbeenautomaticallypart-of-speechaggedandthenminimal PPshave been
identified employing a stochasticphrasechunler. (See[Brants, 1996 for a descriptionof
thetaggerand[SkutandBrants,1999 for a descriptionof the chunlker.) The PNV-triples are
automatically selectedrom the syntacticallypreprocessedorpusaccordingto the following
criteria: P andN mustbe constituentof the samePR PPandV mustco-occurin a sentence.
Theverbsin thecurrentstudyareconstrainedo mainverbs.Basednthesedata,two candidate
setsarecreatedSetl (PNV-full-form data)consistof pairsof PNV-full-form-triples andtheir
occurrencdrequeny in the extractioncorpus.Set2 (PNV-base-formdata)consistsof PNV-
tripleswherethe verbforms aregeneralizedo infinitivesandrelatedoccurrencdrequencie$.
In tablel, alist is presentedf thetenmostfrequentPNV-full-form and-base-form-tripleshat
have beenfoundin thecorpus.

2.2 Selectionof TestSets

In orderto testthemodelsfor collocationidentification tripleswhich occurlessthanthreetimes
aredeletedrom the candidatesets A cut-off thresholdof threehasbeenchoserbecausef the
following considerationsOn the one handwe wantto eliminatelow frequeng data,because
applyingstatisticalmodelsto low frequeng dataleadsto poorresults.On the otherhand,we
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PNV-full-forms frequeny || PNV-base-forms frequeny
um Uhr beginnt 379 zur Verfugungstellen 457
bis Uhr gedfnet 182 um Uhr beginnen 420
zur Verfuigungstehen 174 zur Verfligungstehen 404
zur Verfuigunggestellt 143 bis Uhr 6ffnen 196
zur Verfuigungstellen 128 umsLebenkommen 195
zur Verfigungsteht 115 aufProgrammstehen 193
umsLebengekommen 111 in Anspruchnehmen 192
aufProgrammstehen 98 im Mittelpunkt stehen 176
in Anspruchgenommen 95 auf Tagesordnungtehen 159
amMontagsagte 95 in Fragestellen 146

Tablel: The10mostfrequentPNV-full-form- and-base-forntriplesoccurringin theextraction
corpus

wantto keepa certainnumberof low frequeng datato increaseahedifficulty of thetaskfor the
models.

Reductiorof thebasesetby word combinationsvhich occuronly onceor two timesreduceshe
setof candidatecollocationsby 97 % for the currentcorpus.Theremaining3 % (10 430items)
of PNV-tripleshave beenmanuallyclassifiednto collocationsandnoncollocationsln addition,
the collocationshave beengroupednto FunktionserbgefiugdFVG) andfigurative expressions
employing thecriteriashovn in figure 1. Thethusselectedsetof “true” collocationds usedfor
evaluatingthe outputof the statisticalmodels.

For testing,the reducedsetof collocationcandidatess groupedinto threesamplesA, B and
C resultingin threesetswith varyingdifficulty for the statisticalmodels.It is expectedthatthe
modelsin generaperformbeston setA andworston setC, asA containsonly high frequeng
datawhereasC coversalarge numberof low frequeng data.The tablebelov shows the total
numberof PNV-triplesin the sets.

A B c | A B C
full formdata 747 2864 10431‘ 1249 4489 14660 baseform data
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semantically opaque yes
word combination figur
no
deve.rbali, yes noun prowdeg yes
deadjectival —————————*  main semantic —>  FVG
or other contribution
abstract noun no .
- figur

no

yes .
concrete noun — = figur

Figurel: Criteriafor manualdistinctionof figurative expressionandFVG

2.3 Measuresand Estimates

As identificationof PP-\erb collocationsis reducedo identifying PN-V collocations the data
requiredcanberepresenteth a2 x 2 contingeng table.Seetable2. Note: the co-occurrence
thresholdof 3, only thosePNV-combinationsareconsideredvheref(cic;) >= 3.

C2 —1C2

a || flacy) | flac)
—Cy || f(—c1c2) | f(—C1—Cp)

Table2: Contingeng tablefor collocationswith two collocates

with

c1=PN,co=V,;

a= f(cicp) is thefrequeng of a particularPNV-triple PNV;, i = 1...m the numberof PNV-
triplesin the candidateset;

b = f(c1—cy) is the sumof the frequencief all PNV-triples consistingof PNeny but a verb
otherthanVpny;

c= f(—c1c2) is thesumof thefrequencie®f all PNV-triplesconsistingof Vpny butaPN-tuple
otherthanPNpny;

d = f(—c1—cp) is thefrequeny of all PNVAtriplesfor which PN is differentfrom PNpny and
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V is differentfrom Vpny;
N=a+b+c+d;and

_a _b _c _g _a+b _c+d _a+tc _b+d
P11= ' P12 = ' p21= ' P22 = N’ pl——n y P2 = n .Q1——n .CI2——n ,
wheren is a normalizationfactor.

Employing the estimatesve calculate:

MI = log—P1t Dice = log 2- Put
P1-01 p1-+01

p11-N p12-N p21-N I022-N)

Lgl = 2. -lo + -log——— + Jlog—— + -lo
; (p” Iprqn P29 g, TP g TR0
P11 P12 P21 P22
| = log—— + log———=— + log——— + -lo
p11-10g P~ p12-10g P12 p21-109 P2~ p22- 109 P2- 2

Consideringheabove formulas,we seethatMI| andDice accounbnly for positve occurrences
(a, b, €)%, wheread gl andl take the completerangeof datainto accountIn addition,Lgl and
| arecloselyrelated bothmodelingtherelation plogg betweenwo frequeng distributionsp,

g. Thefollowing equatiorholds:Lgl = 2I + Z%I ogN.

3 Empirical Study

3.1 Hypotheses
In orderto answerguestionsQ; to Qs, we establishtwo pairsof researclandnull hypotheses
H1, Hp andH;, Ho for FVG andfigurative expressions.
1. Onepairfor addressinghegeneraldifferencedetweerthe models:
HEVE/T9Y: The lexical associationmodelsdiffer in their feasibility to identify

FVG/figuratve expressions.

HOF VG/TOUr: Thereareno differencesbetweerthe associatiormodelswith respect

to identifying FVG/figurative expressions.

2. Onepairfor examiningwhetherthereis onesuperiormodel:

AV S/ M9 Thereis asinglebestmodelfor identifying FVG/figurative expressions.

FE YS9 Thereis no single bestmodelfor identifying FVG/figurative expres-
sions.
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3.2 Identification Procedure

For comparingthe modelsDice, |, MI, Lgl and freq the following automaticprocedureis
employed.

1) Eachmodelis appliedto the elementsin samplesA, B and C. As a result eachPNV-
combinationpersamples associatedavith 5 values:aDice-, |-, MI-, Lgl- and fregvalue.

2) For eachmodel,the PNV-combinationgersampleareorderedn descendingrderstarting
with thecombinationwhich hasbeenassignedhebestvalueaccordingo themodelemployed.
Thusthereareat most5 differentorderingsfor the elementsof a sample.

3) From theseorderings,the n highestranking word combinationsare selected,with n =
500 1 000, 1 500, 2 000. Wherebyn determineghe borderlinebetweercollocationsandnon-
collocationsIn the caseof setA, thereis only onesamplen = 500, becausesetA full forms
containgust 747word combinationsThe stratgy hasbeenchoserbecausét imposeauniform
evaluationcriteriaonthemodels.

4) Thethusspecifiedsamplesarecomparedvith themanuallyselectedist of true collocations.

Summingup, first we getfor eachmodelnine samplegS1 - S9) of potentialcollocations S1:

A n=500is thesamplecontainingthe 500 highestrankingPNV-combinationsvhenthe model
hasbeenappliedto setA; S2:B n = 500is thesamplecontainingthe 500 highestrankingPNV-

combinationsvhenthe modelhasbeenappliedto setB; ...; S9:C n =2 000 is the sample
containingthe 2 000 highestranking PNV-combinationsvhenthe modelhasbeenappliedto

setC. Thentheresultsarecomparedvith the manuallyextractedlist of true collocations.Thus
we getfor eachsampleS1to S9 of eachmodela numberof true positives(correctly identi-

fied collocations)anda numberof falsepositives (erroneouslyidentified collocations).These
numbersarethe basisfor statisticalsignificancetesting.

3.3 Evaluation

Firstof all, we areinterestedn the significanceof the differencedetweernhefive modelsMI,
Dice, Lgl, | and freq x? testsfor k independensamplesare chosenmasteststatisticsbecause
the testis nonparametri@nd applicableto dataat nominalscale’ In termsof our testdata,
independensamplesmeansthat eachmodel for collocationidentificationselectsa different
subsefsample)from the candidatedata.The dataareat nominalscale,asPNV-combinations
are groupedtogetheraccordingto their occurrencerequeny in the extraction corpus,with
occurrencedrequenciedeing usedas group labels.x? testsfor five independensamplesare
computecemploying theresultsachieved by the (five) modelsfor samplesS1to S9.In thetest,
thetrue andfalsepositvesobsened by eachindividual modelarecomparedvith the expected
oneswhich arebasedn the obsereddataof all modelstogether

In a secondstep,x? testsfor two independensamplesare computedfor thosesamplesS1 (A
n=500)to S9(C n= 2 000),whereasignificantdifferencebetweerthe modelshasbeenfound
in thefirst step.Now it is testedwhetherthereis a bestmodelor a groupof bestmodelswhich
significantlydiffer from the othermodel(s).“Best” is measuredn termsof precision,herethe
numberof true positives.Resultsaarepresentedor FVG in table3 andfor figurative expressions
in table4.
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Funktionserbgefuge
set n full forms baseforms
bestmods X2 bestmods NG
A 500 MI Dice 1.19 | l/Lgl freq 0.38
134118 n.s. |112103 n.s.
B 500 || freql/Lgl 0.65 | freql/Lgl 13.62
10190 n.s. | 10359 .001
1000 || I/Lgl freq 4.6 freql/Lgl 251
201163 .05 159133 n.s.
1500 || I/Lgl MI 0.52 | I/Lgl freq 0.01
269253 n.s. | 192189 n.s.
2000 || I(Lgl) freq 0.23 | l/Lgl freq 3.92
310(298)288 n.s. | 251210 .05
C 500 freql(Lgl) 16.16| freql/Lgl/Dice 100.51
10154(51) .001 | 1034 .001
1000 || freql/Lgl 5.87 | freqLdgl 81.08
163124 .02 15938 .001
1500 || freql/Lgl 0.79 | freql 36.19
223205 n.s. | 18992 .001
2000 || I/Lgl freq 0.16 | freql/Lgl 17.46
298288 n.s. | 210134(133) .001

Table 3: Results:the bestassociatiormodelsfor identifying FVG from PNV-full and-base
formscomparingMl, Dice, |, Lgl, mereoccurrencdrequeng freg n.s.= notsignificant

In addition, it is distinguishedwhetherthe modelsare appliedto full or baseform data.The
notationX/Y meansthatthe modelsX andY identify the samenumberof true collocations.
X(Y) meanghatthe differencebetweerthe numberof collocationsdentifiedby the modelsis
very small. For examplethe informationrelatedto setC n = 500in table 3 readsasfollows:
freq | andLgl arethe bestmodelsfor identifying FVG from PNV-full-forms. | andLgl are
groupedtogetherasthey identify a similar numberof true collocations,.e., 54 in the caseof |
and51in thecaseof Lgl. | andLgl areopposedo freqwhichidentifies101truecollocations.
Consideringthe numbers101 and 54 or 51, it is obvious that freq is betterthan| or Lgl.
This assumptioris verified by employing a x? testfor two independensamplego the models
identifying the highestnumberof collocations,here freqand|. The resultingempirical x2
valueis 16.16.Comparinghevaluewith atableof theoreticalvalue$ shovsthatthedifference
betweerthe modelstesteds highly significant(a = .001).In otherwords,with respecto setC
n= 2 000full formsH{V® is rejectedwith a probability of 99.9%. Thuswe concludethatfor
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Figurative Expressions

set n full forms baseforms
bestmods x? bestmods x?

A 500 no significantdifferencedetweerthe5 models
B 500 no signif. diff. freq Ml 0.56
betweerthe5 models| 7162 n.s.

1 000 || nosignificantdifferencesetweerthe5 models
1500 || nosignificantdifferencesbetweerthe5 models

2000 || I freq 0.87 MI freq 2.17
208207 n.s. 232202 n.s.
C 500 || freql 1.93 freqDice 8.46
6550 n.s. 7141 .01
1000|| freql/Lgl 4.2 freqDice 14.47
11082 .05 12170 .001
1500|| freql/Lgl 5.92 freqDice 24.29
162122 .02 17395 .001
2000 || freql/Lgl 3.795 freqDice 27.38
207170 n.s. 202112 .001

Table4: Resultsthe bestassociatiormodelsfor identifying figurative expressiongrom PNV-
full and-baseforms comparingMl, Dice, I, Lgl andmereoccurrencdrequeng freg n.s.=
notsignificant;

theparticularsamplefreqis significantlybetterthanl , andasaconsequencsignificantlybetter
thanary of the othermodelstested.In the caseof baseform datathe highestrankingmodel,
freqwith 103 true collocations,is comparedwith the next lower rankingmodelswhich arel,
Lgl andDice all threeidentifying just 4 true collocations Againit is obvious from thefigures
that freqis betterthanthe othermodels.This is confirmedby x? = 10051 with significance
levela = .001.

Finally, the goodnessf the associatiormodelsis also measuredn termsof recall, i.e., the
numberof true positvesfoundby a specificmodeldividedby thetotal numberof true positves
in setsA, B or C. Table5 presentsanoverview of therecall values.For eachsamplethe model
is listed which leadsto the highestrecall. Obviously recall increaseswith increasingsample
sizen.

3.4 Resultsand Inter pretation

Consideringtable 5, we find similar patternswith respecto recall of FVG andfigurative ex-
pressiongrom full form dataon the onehand,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
(rﬁrri»\é? 19.3 12.9 6.8 14.0 6.7 2.8
best 134 310 208 112 251 210
(M, (1, (I/Lgl, (I/Lgl, (I/Lgl, (freq,
model | = 500)| n=2000)| n=2000) || n=500)| n=2000) | n=2000)
recall | 93% | 84% 42% 64% | 83% 51%
figur 96 282 586 150 338 527
;’f’e':ge‘f 12.9 9.8 5.6 12.0 75 3.6
best 80 208 207 82 232 202
(M, (1, (freq, (M, (M, (freq,
model | = 500)| n=2000)| n=2000) || n=500)| n=2000) | n=2000)
recall | 83% | 74% 35% 55% | 69% 38%
| 669 | 698 | 19 | 40 | 446 | 136
%-datacoveredby a sampleof sizen

Table5: Highestrecall valuesof FVG andfigurative expressiondrom setA, B and C of full
andbaseform data;the figureson the bottomof thetableshaw the percentagef datacovered
by samplesizen relative to the sizeof setsA, B andC

recallof collocationsfrom full form datais bestfrom setA, whereasecallof collocationsrom
baseform datais bestfrom setB.

Basedon the proportionof FVG andfigurative expressionsamongthe data,which decreases
from setsA to C in the caseof full and baseform data,seethe percentages braclets,we
would expecta similar declinein recallfor the bestmodels.The experimentalresultshowever
shaw thatthe highestrecallof FVG andfigurative expressionss achievedfrom setA givenfull
form data,andfrom setB given baseform data.At least,the resultsachiered for baseform
dataparallelthe percentagef datacoveredby theindividual bestsamplef sizen, i.e.,44.6%
givensetB, 40 % givensetA, 13.6% givensetC. Thisis notthe casewith respecto full form
data.Herehighestrecallof FVG andfigurative expressionss achievedfrom setA, 93and83 %
respectrely, eventhoughthe highestpercentagef data(69.8%) in our comparisons covered
by the bestmodelappliedto setB.

Anotherobsenation giventhe experimentaldatais that, with respecto all sets recallof FVG
is higherthanrecall of figurative expressionswhichis notfully consistentvith the underlying
proportionof FVG andfigurative expressionsn the sets.In particular setsB and C contain

367



Proceedingef EURALEX 2000

slightly morefigurative expressionghanFVG.

Summingup,goodrecallof FVG andfigurative expressiongrom full form datacanbeachiesed
by applyingMI to high frequeng data(setA) andl or Lgl® to highandmediumfrequeng data
(setB). In the caseof baseform dataB rangeshigherthanA, andl or Lgl arebettersuitedfor
FVG, while MI is moreappropriatdor figurative expressionsilt is alsoimportantto noticethat
fregcannotcompetewith the beststatisticalmodelswhenrecallshallbe maximized.

Consideringables3 and4, we seethattherearein all casesignificantdifferencedbetweerthe
modelswith respecto identifying FVG, but thereareno significantdifferencedetweerthefive
modelswhenidentifying figurative expressiongrom setA n= 500andsetB n= 1 000 1 500
full andbaseforms,aswell assetB n= 500full forms.In otherwords,H{ V€ is valid, whereas

H Iigur mustbe partially rejected As a consequencehe questionaboutthe existenceof asingle
bestmodelor agroupof bestmodelsmaybeaskedfor FVG with respecto all samplesandfor
figurative expressionwith respecto setsC, setsB n = 2 000full forms,B n= 500, 2 000base
forms.

A generalobsenationis thatthe performanceof the statisticalmodelsis poor with respecto

setC. In all cases- identifying FVG andfigurative expressionsrom baseandfull form data
— amerefrequeny basedapproacheither outperformsthe statisticalmodelsor is at leastas
goodasthebeststatisticalmodel.l, Lgl and freqhoweverapproximatewith increasingsample
sizen in the caseof full form data.Theempiricalresultsconfirmwhatis expectedaccordingto

the mathematicapropertiesof the statisticalmodels,namelythe superiorityof | andLgl over

MI andDice for samplescontaininglow frequeny data.But the resultsalsoclearly shav that
the statisticalmodelsemployed generallydeterioratevhenappliedto low frequeng data.The
following particulartendenciegouldbe obsened,

with respecto FVG: MI andDice arethe highestrankingmodelsfor identifying FVG from set
A of full forms,wheread, Lgl and freqarethe highestrankingmodelsfor identifying FVG

from setA of basgorms.| andLgl arethebeststatisticalmodelsfor identifying FVG from sets
B andC of full andbaseforms.Freqis alwaysamongthebestmodelswhenFVG areidentified
from setsB andC full andbaseform data,andit performsbestfor C baseforms.

with respecto figurative expressionsOtherthanfor FVG, thereis no suchclearcutdifference
betweerthe modelsin identifying figurative expressionsl, Lgl, Dice, MI and freqareequally
well suitedfor identifying figurative expressiongrom setA of full andbaseform data,andin
the majority of casesthe modelsareequallywell suitedfor identifying figurative expressions
from setB of full andbaseform data.Thereis, on the onehand,a slight preferencdor Ml in
the caseof baseform dataand,on the otherhand,a slight preferencdor | in the caseof full
form data.Freqclearly outperformaice, the beststatisticaimodelfor setC of baseform data.
Freqis alsoalwaysamongthe bestmodelsfor thefull form data.GivensetC, | andLgl arethe
beststatisticalmodels.

with respecto full versusbaseform data:In the caseof full form datacomparedo baseform
data,thenumbersof true collocationsdentifiedapproximatdor thebestmodels.Thisis dueto
thefactthatprecisionof statisticalassociatiormodels,especiallyl andLgl, stronglyincreases
from baseto full forms;but precisionof freqstaysapproximatelythe same.
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4 Conclusion

Summingup, theresultsfrom the experimenthave confirmedthatthereis no singlebestmodel
for collocationidentification,but that the performanceof the modelsis influencedby the co-
occurrenceaestrictionsin the candidatesets,the linguistic constraintsappliedto the candidate
data,andthe classof collocationsexamined.Thusthefollowing insightsmaybe usedasguide-
linesfor collocationidentificationin the work of lexicographers.

With decreasingco-occurrencehresholdand increasingproportion of low frequeng data
amongthe collocationcandidatesprecisionof the statisticalmeasuresleterioratesFor anin-
creaseof identificationaccuray, the following two stratgiesmaybe pursuedl. consideronly
word combinationsvith high co-occurrencérequeny, thenapplystatisticaimodels preferably
M1 or Dice for full form dataand| or Lgl for baseform data;2. on the one handapply| or
Lgl to thecompletedatasetandselecthe highestrankedword combinationspntheotherhand
selectthe highestranked word combinationsaccordingto co-occurrencdrequeng. Combine
thetwo sets.While 1. leadsto a strongerincreasen precision,a muchhighernumberof collo-
cationsis identifiedemploying 2. For example,considerthe two bestmodelsfor sampleC full
form data.Thereare 288 FVG amongthe 2 000 highestranked PNV-combinationsaccording
to |, andthereare298 FVG amongthe 2 000 highestranked PNV-combinationsaccordingto
freg Combiningthetwo samplesesultsin 456 FVG identifiedfrom themeigedsamplewhich
contains3 447 uniquePNV-combinations.

Anotheradwantageof 2. is that high andlow frequeng collocationsare covered,while in the
caseof 1. only high frequeng collocationsaretouched It is alsoimportantto notethat!l and
Lgl leadto particularlygoodresultswhenthe candidatesetconsistsof full form data.In the
caseof baseform data, freqoutperformd andLgl. As aconsequencestratay 2. is preferably
appliedto full form data,andstratey 1. to baseform data.Full form andbaseform dataalso
differ with respecto recall,i.e., highrecallof FVG andfigurative expressioncanbeachiesed
employing highfrequeng full form dataor highandmediumfrequeng full andbaseform data.
Consideringhe classof collocationsexamined the experimentakesultshave revealedthatMl
andDice arethe bestmodels,in termsof precision for identifying FVG from high frequeng
full form data,wheread, Lgl and freq are the bestmodelsfor identifying FVG from high
frequeny baseform data.On the otherhandall modelsareequallywell suitedfor identifying
figurative expressiongrom high frequeng baseandfull form data.

The resultspresentedn the paperprovide a further steptowardsa better understandingpf

empirical implicationsin statisticalcollocationidentification. However, similar experiments
needto be pursuedemploying different corporaand examining other collocationsthan PP-
verb combinations® And whatis even moreimportant,methodsneedto be developedwhich

allow collocationsto beidentifiedfrom low frequeny data,becauséhe vastmajority of word

combinationsn corporais infrequent.
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Notes

1Suchanexampleis Qwick the lexicographicworkbenchdevelopedby O. MasonandJ. Sinclair at
BirminghamUniversity (http://www.clg.bham.ac.uk/QWICK/doc/).

2The FrankfurterRundschalCorpusis partof the EuropearCoding|nitiative ECI Multilingual CD-
ROM distributedby Text Encodinglinitiative TEI.

3The candidateselectionis implementedn Perl.

“Mmorph—the MULTEXT morphologytool providedby ISSCO/SUISSETRAGen&a, Switzerland
—hasbeenemplgredfor determiningheinfinitives.

SUsually n = N, thusthe pij, pi, andq; areprobabilities,i.e., p11+---+ pz2 =1, p1+ p2 = 1 and
01 + 02 = 1. In thecurrentexamples(tables3 and4), n is the corpussize,wherebythe pij, pi, andg; are
not probabilities.n hasbeenchosenn orderto keeptheir small.

ba+b= f(c1),a+c= f(c),a= f(c1c2)

For an introductionto test statisticsand detailson the x? test seefor instance[Siegel, 1956 or
ary otherintroductorybook on test statistics.Examplesof x? testscomparingmodelsof collocation
identificationaregivenin [Krenn, 2004, p. 48f.

8Tablesareavailablefrom bookson teststatistics.
Sbecausehereis no differencein therankingorderof word combinationsemplg/ing | or Lgl;

10seefor instancdLezius, 1999 wherestatisticaimodelsandmerefrequeng areemployedfor iden-
tifying Germanadjectve-nouncollocations.
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