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T heprocessoftheEast-W estintegrationhascometoapointthatenlarge-
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1 Introduction

T heenlargementoftheEuropeanU nion(EU )towardsCentral- andEasternEurope
isanongoingdebate, withfarreachingimplicationsforbothEU membersandEU
candidates. T he process oftheEast-W estintegration has come toa pointthat
enlargementappears inevitable. B utarethesecountries really ready tojoin the
EU ?O neofthecriteriasetin theCopenhagen summitof19 9 3 is thatacountry
hastobeabletomeetthecompetition inthesinglemarket. W hethertheycanor
notis ofcourseofgreatinterestforpolicymakers andbusiness men in both the
EU and inthecandidate-countries. A ccordingtotheEuropeanCommission (EC)
the existence ofa functioningmarketeconomyrequires an economicpolicy that
improves e¢ciencyofthe economy. T his is evaluated in theEC’s annualreport
on theprogress oftheEU candidates and fore.g. PolandtheEC (2001) states:
“Polandisafunctioningmarketeconomy. Providedthatitcontinuesandintensi…es
its presentreform e¤orts in a consistentpolicyenvironment, itshouldbe able to
copewiththecompetitivepressureandmarketforceswithintheUnion, inthenear
term.”. T helatterisbasedonanoverallevaluationofPoland’seconomicsituation,
however, wecheckwhethere¢ciencyatthe…rm levelgivesadditionalinformation
todiscussthesestatements.

Comparingcountriesfrom bothsidesoftheironcurtain isoneofthemostim-
portantmethodologicalchallengesrelatedtotheEast-W estintegration(O siewalski,
KoopandSteel, 19 9 7 ). Inthispaperweconstructavirtualbestpracticeproduction
frontierfor…rmsactiveinanEuropeanU nionmemberstate(EU ) andCentraland
EastEuropean(CEE)countries. T hisisthe…rstpaperthatweknowofthatcreates
suchacommonbenchmarkforbothW estandEastEuropeancountries using…rm
leveldata. B ymeansofthiscommonbenchmark, wecanmakeinferencesaboutthe
relativetechnicale¢ciencyof…rmsincandidatecountries, bothatthesectorandthe
subsectorallevel. W eusethisframeworkasaworkhorsemodeltoestimate…rmlevel
totalfactorproductivity(T FP )change, decomposedintotechnicalchange, technical
e¢ciencychangeandascalecomponent. Tothis endweextendtheapproachof
BatteseandCoelli (19 9 5), whoestimate…rm- levele¢ciencyandits determinants
simultaneously, andallowfora…rmandtimespeci…cdecompositionofTFP change
usingtheframeworkofKumbhakarandL ovell(2000). T hismethodologyisusedto
estimatea…rm-speci…cdecompositionofT FP change.

W efocus onthemanufacturingsectoroftwoEU candidates (Polandandthe
CzechR epublic) andB elgium. B elgium isasmallopeneconomyandthereforeitis
subjecttocompetitivepressurefrom internationalmarketsandweexpectittoset
thebenchmark.1 T his permits us tocomparetherelativee¢ciencyofPolishand
Czech…rmstoanEU -benchmark(createdbytheB elgian…rms). Ifthesecountries
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aretobereadytojointheEU andlettheir…rmscompetefreelywithinthesingle
market, e¢ciency di¤erences between these countries and theEU should notbe
toobigoratleastbecomesmaller. O fcoursethewordsnottoobigare arelative
conceptthatistobetreatedwithcare. H owever, asstatedinKoningsandR epkine
(19 9 4) :“ abaselineestimateofe¢ciencywouldbeusefulstartingpointtobeable
tojudgewhethereconomicreforms can indeedachieve highere¢ciency”. G eared
towardstheEU enlargement, thiscanserveasanindicatortocomparethepotential
newmemberstatesfromCentralandEasternEuropewiththecurrentEU member
states.

Productivitye¢ciencyhas twocomponents: i) thepurelytechnicalorphysical
componentthatrefers tousingas littleinputasoutputproductionallows, ii) the
allocativeorprice-componentthatreferstotheabilitytocombineinputsandoutputs
inoptimalproportions inlightofprevailingprices.2 Inthis paperwelookat…rm
performancemeasuredbytechnicale¢ciencyandwealsochecktheshareofitin
…rm T FP growth.

Insomecaseseconomictheorydoesnotprovideunambiguousguidanceexplain-
inge¢ciencydi¤erencesbetween…rmsandconcerningtheimpactofsomeforceson
marketperformance. Inthosecasesempiricalanalysiscanprovidebothqualitative
andquantitativeevidence(Fried, L ovellandSchmidt, 19 9 3). T hisappearstobethe
caseinthisanalysis, i.e. isa…rm inaCEEcountrylesse¢cientorproductivethan
anEU …rm?Ifthequestioniswhetherproducers inEU -…rmsoutperform thosein
CEE-…rms, ordinaryleastsquareswithdummieswilldo. H owever, thesedummies
categorize producers priortoestimation. In this casefrontiertechniques can be
moreinformative.

M easurementofe¢ciencythatisbaseduponaproductionfrontiercanessentially
bedoneintwoways. T hestochasticfrontierapproachimpliescreatinga(stochastic)
best-practicefrontierbasedonanunderlyingproductionfunctionandallowsusto
distinguish thee¤ects ofnoisefrom thee¤ects ofine¢ciency. T his means thata
fractionofthedistancebetweenthebenchmarkandapointunderthisbenchmark
results inameasureoftechnicale¢ciency(T E).3 T heprogrammingapproach, like
D .E.A ., isdeterministicinnatureanddoesnotdistinguishbetweennoiseandinef-
…ciencye¤ects, i.e. everydeviationfrom thebenchmarkis attributedtotechnical
ine¢ciency. T his advantageofthe stochasticfrontierapproach comes atacost:
theeconometricapproach is subjecttospeci…cationerrors (e.g. functionalform).
H owever, thesizeofthedatausedcanreducethepotentialproblem substantially.

T hetheoreticalframeworkis presented inthesecondsection. W e…rstdiscuss
crosssectionalmodelsandweextendthesemodelstoallowforpaneldata. Further-
more, wediscussamethodologytoestimate…rm levelT FP changedecomposition.
T hethirdsectiondealswiththedataandissuesofpoolingseveralcountriesintoone
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dataset. T heestimatedtechnicale¢cienciesarediscussedinsection4andwecheck
whethertechnicale¢ciencychangesovertime. W ealsoperform asectoralanalysis
oftechnicale¢ciencywithinandoverthethreecountries byestimatingtechnical
e¢ciency(T E)atasubsectorallevel. W ethenestimateT FP changeintoitsvarious
componentsusing…rm leveldata. T hepenultimatesectiongives an interpretation
totheseestimatedtechnicale¢cienciesandthelastsectionconcludes.

2 TheoreticalFramework

Inthissectionwegiveabriefoverviewofthestochasticfrontiertheorythatstarted
only25 yearsago. W e…rstintroducethecrosssectionalmodelandthenwelookat
di¤erentmodelsthatallowfortheuseofpaneldata. W ediscussboththeBattese
andCoelli (19 9 2) and (19 9 5) speci…cationmore indetailsincethesearethecore
speci…cations we use in the empiricalapplication.4 W e brie‡y commenton the
di¤erenttypesofproductionfunctionsandconcludethis sectionwithamethodto
estimatea…rm levelT FP changedecomposition intotechnicalchange, technical
e¢ciencychangeandascalecomponent. TothisweextendtheapproachofBattese
and Coelli (19 9 5), where …rm levele¢ciencyand its determinants are estimated
simultaneously, toallowfora…rm andtimespeci…cdecompositionofT FP change
usingtheframeworkofKumbhakarandL ovell(2000).

2.1 A CrossSectionalM odelforTechnicalE¢ciency

T he ‘stochasticfrontier’production functionwas …rstproposed in 19 7 7 indepen-
dentlyby A igner, L ovellandSchmidt(19 7 7 ) andby M eeusenandvanden Broek
(19 7 7 ). T heycameupwithanoriginalspeci…cationforacrosssectionalmodel. T he
noveltyofthesemodelswasthattheyconstructedanerrorterm consistingoftwo
components: onethataccountsforrandom e¤ectsandtheotherthataccountsfor
technicaline¢ciency. T hismodelcanberepresentedasfollows

yi=f(xi;̄ )exp(vi¡ui) (1)

with i the …rm index, y thevectorofoutputs andx= (x1;:::;xN )thevectorof
inputs. T hevectorofparametersisdenotedby¯. T heerrortermconsistsofrandom
variablesviassumedtobei:i:d:withazeromeanandvariance¾ 2v andtheelements
invectoruiwhicharecrucialinthismodel. T hesenon-negativerandom variables
accountfortechnicaline¢ciencyinproductionandareoftenassumedtobei:i:d:or
half-normalwithmean¹ andvariance¾ 2u. A commoncriticismofstochasticfrontier
models is thatthere is noapriori justi…cation fortheselectionofanyparticular
distributionalform forthetechnicaline¢ciencyui. T hecommonassumptions of
half-normalorexponentialdistributionsfortheu arejustarbitraryselectionsthat
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implyahighprobabilitythattechnicaline¢cienciesareintheneighborhoodofzero.
T hismayleadtoveryhightechnicale¢ciencyestimates.

A reactiontothiscritiqueledtodi¤erentspeci…cationslikethetruncated-normal
distribution (Stevenson, 19 80) and the 2-parameters gammadistribution (G reen,
19 9 0) fortheuis. T hetruncated-normaldistributionisageneralisationofthehalf-
normaldistribution. Itisobtainedbytruncationatzeroofthenormaldistribution
withmean¹ andvariance¾ 2 . Itiseasilyseenthatrestricting¹ tozeroresults ina
half-normaldistribution. T hedistributiondependsstronglyonthesignandsizeof
¹. W ecantestwhetherthismeanissigni…cantlydi¤erentfrom zerobymeansofa
W aldorgeneralizedlikelihood-ratiotest. T hetest-statistichasaslightlydi¤erent
distributionunderthenullhypothesisofnotechnicaline¢ciencyinthemodeland
thusothercriticalvaluesareappropriate(KoddeandPalm, 19 86).

2.2 PanelD atamodels

T hepreviousdiscussionassumesthatcross-sectionaldataonN …rmsareavailable
fortheestimationoftheparameters ofthestochasticfrontier. W iththegrowing
availabilityofpaneldata, bothonthemicroandthemacrolevel, techniqueshave
beendevelopedtoincorporatepaneldatawithinthestochasticfrontierframework.
T he…rm-speci…ctechnicaline¢ciencycouldbecapturedbythe…rm-speci…ce¤ect
withinthe…xede¤ectsframework. Strongdistributionalassumptionsthatarenec-
essary in across-sectionalsettingwerereplacedbythesingle - andverystrong-
assumption thattechnicaline¢ciency is time-invariant. T helastyears, theliter-
aturedevelopedtechniques toallowfortime-varianttechnicale¢ciencymeasures.
T hecrucialquestionforthisresearchwastorelaxtheassumptionsoftime-invariant
technicale¢ciencymeasureswithoutlosingtheadvantagesofpaneldata.

Paneldatahavesomeadvantagesovercross-sectionaldataintheestimationof
thestochasticfrontier. A largernumberofdegrees offreedom fortheestimation
ofparametersisavailable, andmoreimportantlysimultaneousinvestigationofboth
technicalchangeandtechnicale¢ciencychangeovertimeispossible.5

P itand L ee (19 81) speci…ed a paneldata version ofthe A igner, L ovelland
Schmidt(19 7 7 ) half-normalmodelandisgivenbythefollowingexpression

logyi;t=(logX i;t)0̄ + vi;t¡ui;t (2)

with i = 1 ;:::;N and t= 1 ;:::;T and samede…nitions as before.6 T he vi;ts are
random errors andassumedtobe i:i:d:andhavea N (0 ;¾ 2v)distribution andare
distributed independently ofthetechnicaline¢ciency e¤ectu.7 T he latterwere
…rstassumedtobei:i:d:, butthisresultedinnoparticularadvantages inobtaining
additionalobservationsonagiven…rmversusobtainingobservationsonmore…rms

5



atparticulartimeperiods. T hus, the secondbasicmodelassumed ui;t= ui, i.e.
time-invarianttechnicaline¢ciencies.

B atteseandCoelli (19 88) extendedthismodelandassumeduitobetruncated-
normallydistributedandlateronpermittedunbalancedpanels(B attese, Coelli and
Colby, 19 89 ). T heassumptionoftime-invarianttechnicaline¢ciencybecomes, how-
ever, moreandmoredi¢culttojustifyas T becomeslarger. A s B atteseandCoelli
(19 9 8) stated“onewouldexpectthatmanagerslearnfrom theirprevious experience
intheproductionprocessandsotheirtechnicaline¢ciencye¤ectswouldchangein
somepersistentpatternovertime”.

Kumbhakar(19 9 0) suggestedastochasticfrontiermodelforpaneldatainwhich
technicaline¢ciencye¤ects varysystematicallywith timeaccordingtothetime-
varyingspeci…cation ui;t=

£
1 + exp(bt+ ct2)

¤¡1 ui, whereband caretobeesti-
mated. H owever, noempiricalapplication has yetbeen attempted. B atteseand
Coelli (19 9 2) suggestanalternativetothis approachinwhichtheui;tareassumed
tobeanexponentialfunctionoftimeinvolvingonlyoneunknownparameter.

Schmidtand Sickles (19 84) observedthatwhenpaneldataareavailablethere
is noneedtospecifyaparticulardistributionforthetechnicaline¢ciencye¤ects,
becausetheparametersofthemodelcanbeestimatedbymeansofstandardpanel
datatechniques (…xed e¤ects) orerror-components estimation (see also H illand
Jugde, 19 9 3). In the …xed e¤ects approach, the largestestimated …rm intercept
is used toestimatethe interceptparametersothatall…rm e¤ects areestimated
tobe zeroornegative. A n estimate ofthe technicaline¢ciency ofthe various
…rmsareobtainedrelativetothemoste¢cient…rm(s). A nadvantageoftraditional
paneldatais that…xede¤ects approacharepreferredwhenoneassumes thatthe
technicaline¢ciencye¤ectsui;tarecorrelatedwiththeproductioninputsX i;t. Yet,
thisapproachimpliesthate¢cientandine¢cient…rmshavethesamein‡uenceon
the frontier. Cornwell, Schmidtand Sickles (19 9 0) and L ee and Schmidt(19 9 3)
cameup with generalizations ofSchmidtand Sickles (19 84).8 T he advantageof
theSchmidtandL ee(19 9 3) approach is thatitallows forinclusionofobservables
thataretime-invariantorinvariantover…rms. T heSchmidtandL ee(19 9 3)modelis
representedbyyi;t=X 0

i;t̄ + µt±i+ vi;t. T hevi;tareassumedtobeindependentlyand
identicallydistributedwithmeanzeroandvariance¾ 2 v(notethatwedonothave
toassumenormality). T his typeofestimationoftechnicale¢ciency is essentially
basedonweightedaveragesofresiduals(withtheaveragetakenovertimeforagiven
…rm). InthepresenceofasmalltimeperiodT thesecouldbeverynoisy. T hismay
leadtooverestimationofthedi¤erencesbetweenthe…rms’intercepts, andtherefore
intheunderestimationofthetechnicale¢ciencylevels.

A numberofauthorsallowedfortime-variante¢ciencies, howeverinratherstruc-
turedways. T he Battese andCoelli (19 9 2) approach is an illustration ofsuch a
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structuredmodelwhereas SchmidtandL ee(19 9 3) broughtmore‡exibility9 inthe
waythesechangeovertime. B atteseandCoelli (19 9 2)proposeatimevaryingmodel
forthetechnicaline¢ciencye¤ectsinthestochasticfrontierproductionfunctionfor
paneldata. T hetechnicaline¢ciencye¤ectsareassumedtobede…nedby

ui;t=[exp(¡́ (t¡T)]ui (3)

wheretheuis aretherandom variablede…nedas beforeandassumedtobe i:i:d:
accordingtothegeneralizedtruncated-normaland ´ is anunknownparameterto
beestimated. Ifthe i-th…rm is observed inthelastperiodofthepanel(T ) then
ui;T =uibecausetheexponentialfunctionin(3) hasvalueonewhent= T . T hus
therandomvariablecanbeconsideredasthetechnicaline¢ciencye¤ectfor…rm i in
thelastperiodofthepanel. Forearlierperiodsinthepanel, thetechnicaline¢ciency
e¤ectsaretheproductofthetechnicaline¢ciencyatthelastperiodandthevalue
oftheexponentialfunction[exp(¡́ (t¡T))], whosevaluedependsontheparameter
´ andthenumberofperiodsbeforethelastperiodofthepanel(¡(t¡T)´T ¡t).
Ifthis parameteris positivethen thevalueoftheexponentialfunction is noless
thanone, which implies thatui·ui;t. T heconverseis trueiftheparameterthat
accountsfortime-varianceoftechnicaline¢ciency- ´ - isnegative.10 T hisapproach
implies thattheorderingofthe…rmsaccordingtothemagnitudeofthetechnical
ine¢ciencye¤ects isthesameatalltimeperiods.11 T heBatteseandCoelli (19 9 2)
speci…cationdoesnotaccountforsituations inwhichsome…rmsmayberelatively
ine¢cientbutbecomerelativelymoree¢cientinsubsequentperiods. T heCornwell,
SchmidtandSickles (19 9 0) andL eeandSchmidt(19 9 3) speci…cationsdoallowfor
thispossibility.12

O ne oftheadvantages ofthe B&C (19 9 2) time varying ine¢ciencymodelis
thatthechangeoftechnicaline¢ciencyovertimecanbedistinguishedfrom tech-
nicalchange, providedthelatteris appropriatelyspeci…ed inthefrontierfunction
(seesection2.5). T hisdiscriminationoftechnicalchangeandtechnicaline¢ciency
changeovertimeisonlypossiblegiventhatthetechnicaline¢ciencye¤ectsaresto-
chasticandhavethespeci…eddistributions. T henextsectiondiscussesanextension
oftheBatteseandCoelli (19 9 2)speci…cation, inthesensethattheydevelopamodel
thatallowstoestimatethee¢cienciesanditsdeterminantssimultaneously.

2.3 M odellingD eterminantsofIne¢ciencyE¤ects

In this sectionwebrie‡ydiscuss the BC(19 9 5) speci…cation13 thatallows forthe
simultaneous estimationoftechnicaline¢ciencyand its determinants. A number
ofempiricalstudies (e.g. P ittand L ee, 19 81) haveestimatedthedeterminants of
technicaline¢cienciesamong…rms. Inasecondstageanalysistheestimated…rm-
speci…ctechnicaline¢cienciesareregressedonanumberofcharacteristics, like…rm
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size, ageandothers. T his twostageapproach has amajordrawback. In a…rst
stage, thetechnicaline¢cienciesareassumedtobei:i:d:inordertoestimatethem.
H owever, inthesecondstage, thepredictedine¢ciencye¤ectsareassumedtobea
functionofanumberof…rm speci…cfactors, whichimpliesthattheyarenoti:i:d:
unless allthecoe¢cients ofthefactors are simultaneouslyequaltozero(Battese
andCoelli, 19 9 8). B atteseandCoelli (19 9 5) extendtheapproachesofKumbhakar,
G hoshandM cG uckin(19 9 1) andStevenson(19 9 1) toaccommodateforpaneldata.
T his allows theestimationoftheparameters ofthefactors believedtodetermine
thelevelsoftechnicaline¢ciencytogetherwiththeseparatecomponentsoftechnical
ine¢ciencychangeandtechnicalchangeovertime. T heerrorcomponentaccounting
fortechnicaline¢ciencyui;tisobtainedbytruncationoftheN (¹i;t;¾2)distribution
where

¹i;t=zi;t± (4)

wherezi;tisavectorofexplanatoryvariableswhosevaluesare…xedconstantsand
± is avectorofunknownparameters tobeestimated. Equation (4) speci…es that
themeans ofthenormaldistributions (whicharetruncatedatzerotoobtain the
distributionsofthetechnicaline¢ciencye¤ects)arenotthesamebutarefunctions
ofvalues ofobservablevariables andofacommonvectorofparameters. Ifall±-
parametersarezerothenthemodelis e¢cientlyestimatedbyO L S andifonlythe
constantterm isdi¤erentformzerowehavetheA igner, SchmidtandL ovell(19 7 7 )
model. T hetechnicale¢ciencyforthe i-th …rm inthet-periodis nowde…nedby
T E i;t=exp(¡ui;t).

2.4 TheU nderlyingProductionFunction

T hemodeldescribedaboveusesaproductionfunctionf(x;̄ ), whichcantakevar-
iousforms. T hemostknownandsimpleistheCobb-D ouglasproductionfunction.
T his form hastheadvantagethatitis easytointerpret. Its log-lineartransforma-
tion alsoimmediatelyreveals theoutputelasticity’s ofthedi¤erentinputs. T he
Cobb-D ouglasproductioninitslog-linearform canberepresentedas

logYi;t=logAi;t+ ¯1 logKi;t+ ¯ 2 logL i;t (5)

andthis representationwillbeusedlateron. O utput, capitalandlabourof…rm i
attimetaredenotedbyYi;t, Ki;tand L i;trespectively. T heCobb-D ouglasproduc-
tionfunction, however, is averyrestrictivefunction inthatitassumesaconstant
elasticityofsubstitutionbetweenthedi¤erentinputs. T hereforeweneedaproduc-
tionfunctionthathas lessrestrictions. A more‘unrestrictiveform’isthetranslog
production function, as itallows fornon-linearimpacts ofthe inputs and foran
unrestrictedelasticityofsubstitutionandisrepresentedinequation(6).

logYi;t = logAi;t+ ¯1 logKi;t+ ¯ 2 logL i;t+ ¯3(logKi;t)2 + ¯4(logL i;t)
2
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+ ¯5logKi;tlogL i;t (6)

T heoutputelasticity’saretheresultofsimplyderivingthetranslogwithrespectto
capitalandlabour. T hedi¤erentfunctionalformswillbeexploredwhenestimating
the…rm-leveltechnicale¢ciencies.

2.5 D ecompositionofTFP withinaStochasticFrontierM odel14

Inthis sectionwediscuss apotentialmethodologytodisentangletotalfactorpro-
ductivitychangeintoitsvariouscomponentsatthe…rm levelusingtheframework
suggestedbyL ovellandKumbhakar(2000). Tokeepnotationasgeneralaspossible,
weassumethefollowingrepresentationofastochasticfrontierproductionfunction
withoutexplicitlydenotinga…rm indexandatimeindex

y=f(x;t;̄ ):exp(v¡u) (7 )

withx=(x1;:::;xN )theinputvector, ¯ thevectoroftechnologicalparametersand
tatimetrend. A s beforeu captures theoutputorientedtechnicale¢ciencyand
u ¸ 0 . W ewanttodecomposechanges in …rm productivity intothreedi¤erent
components. T he…rstistechnicalchange(T M) whichcapturesashiftupwardsor
downwards intheproductionfrontier. T hesecondcomponentreferstoachangein
technicale¢ciency(T E M). T his is therateatwhich…rmsmovetowardsoraway
from thefrontier. A thirdcomponentcapturesthescaleelasticityofthe…rm. T he
di¢cultyoccurs (andthis is notunrealistic) whenthesethreecomponents change
simultaneously. W ede…neproductivity15changeasthedi¤erencebetweentherateof
changeofoutputandtherateofchangeofaninputindex. Totalfactorproductivity
(T FP ) canformallyberepresentedas

±
T F P=

±
y¡

±
X (8)

whereadotaboveavariableindicatesitsrateofchange(
±
y=dlny=dt). T hechange

intheinputis de…nedby
±
X =

P
n Sn

±
xn with Sn = w nxn

E and E =
P

n wnxn. So
thechangeininputisthesumofalldi¤erentindividualchanges ininputweighted
by theirrespective share in totalcosts, wherew = (w1;:::;wN )is thevectorof
inputprices. Takinglogsofequation(7 ) andtotallydi¤erentiating16 results inthe
followingexpression:

dlny=
NX

n= 1

@lnf(x;t;̄ )
@xn

dxn +
@lnf(x;t;̄ )

@t
dt¡@u

@t
dt

D ividingeveryterm bydtandusingthede…nitionsofTFP, technicalchangeand
technicale¢ciencychangewecanrewritethisas
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±
T F P=T M + T E M +

NX

n= 1

@lnf(x;t;̄ )
@xn

dxn
dt
¡

±
X

U singthede…nitionfortheinputchangeindex, wecanrewrite
o
X intermsofoutput

elasticities ("n =
@f(x;t;̄ )

@xn
xn

f(x;t;̄ ) =
@ lnf(x;t;̄ )

@ lnxn ) andelasticityofscale("=
P

n "n).

±
T F P=T M + T E M +

NX

n= 1

@lnf(x;t;̄ )
@xn

dxn
dt

¡
NX

n= 1

wnxnP
n wnxn

dlnxn
dt

±
T F P=T M + T E M +("¡1 )

NX

n= 1

(
"n
"
)
±xn +

NX

n= 1

h
(
"n
"
)¡Sn

i ±xn

T his lastexpression is obtainedbyaddingandsubtracting("n=
P

n "n)
d lnxn
d t and

rearrangingterms. Itshowsthatthechangeinproductivitycanbedecomposedinto
technicalchange, technicale¢ciencychangeandascalecomponent. W ehavean
additionalterm thatcapturesthechangeinallocativee¢ciency. Sincewehaveno
informationontheprevalentinputpricesweassumeawaytheallocativee¢ciency
componentbysettingSn = "n

" .
17 T his results inour…nalexpression(9 ) thatwill

beusedintheempiricalanalysis

±
T F P=T M + T E M + ("¡1 )

NX

n= 1

(
"n
"
)
±
xn (9 )

From nowon we assume a speci…cfunctionalform forf(x;t;̄ ), thatis the
translogproduction function. Ifwewanttoestimateandcalculatethethreedif-
ferentcomponentsofT F P change, wehavetointroduceatimevariablet intothe
framework. Equation(10) representsthetranslogproductionfunctionwithatime
trendallowingforanonlineartimetrendbytakingbothtandt2 intotheregression.

lnyit = ¯0 +
NX

n= 1

¯n lnxnit+ ¯t:t+
1
2

NX

n= 1

KX

k= 1

¯nklnxnit:lnxkit+
1
2
¯tt:t

2

+
NX

n= 1

¯nt:lnxnit:t+ vit¡uit (10)

T hetechnicalchangeiseasilyobtainedbytakingthepartialderivativeoflnyitwith
respecttothetimetrendtandthechangeintechnicale¢ciencyisde…nedasbefore

T M=¯t+ ¯tt:t+
NX

n= 1

¯nt:lnxitandT E M=¡@u@t (11)

10



T hethirdcomponentinequation(9 ) dependsontheelasticityofscaleunderwhich
the …rm is producing. Ifthe …rm exhibits constantreturns toscale, achange in
the inputwillnota¤ectits productivity. Formallythis means thatthelastterm
disappears becauseunderconstantreturns toscale since"= 1 . In this casethe
changeinproductivityisduetotheothercomponents. H owever, ifthe…rmexhibits
increasingordecreasingreturnstoscale, wehavethreecomponentsofT FP change.
W hetherthis lastterm is positiveornegativedepends onthechangeintheinput
factors. Evenwith increasingreturns toscale("> 1 ) wecanhaveanadditional
negativeterm iftherateofchangeofinputs is negative. T hesame is trueunder
decreasingreturnstoscaleandapositiverateofchangeofinputs.

A varietyoftestscanbeperformedwithinthisframework. W ecancheckwhether
technicalchange is neutralwith respecttoinputs bytestingthehypothesis that
¯nt=0 orwhetherthereisnotechnicalchangeatallbytesting¯t=¯tt=¯nt=0 .
T hedescribedframeworkistrulycapturingthenatureofourdata. A llthreedi¤erent
components areallowedtovaryovertimeandacross …rms. T hedi¢cultylies in
disentanglingthetechnicalchangeandthechangeintechnicale¢ciencysinceoften
theybothrelyonthesamevariablet.18

3 D ata

W euse…rm-leveldataofB elgian, PolishandCzech…rmsactiveinthemanufacturing
sectorbetween19 9 5 and19 9 9 . T hedataconsistofallcompaniesthathavetoreport
fullcompanyaccountstothenationalstatisticalo¢cesforwhichatleastoneofthe
followingcriteriais satis…ed: totalturnoverofatleast1 millionEuro, totalassets
ofatleast1.5 millionEuroortotalemploymentofatleast10 employees. T his isa
commercialdatabasecollectedby“BureauVanD ijck”whichisaquotedsoftwareand
consultingcompanyonthe(Euronext)stockmarketandthedataaresoldunderthe
nameof‘A madeus’. T hedataincludeinformationonsales, employment, totalwage
bill, etc. andarerepresentativeforthemanufacturingsector. A ppendix1 showsthe
shareofemploymentinoursampleinthetotalmanufacturingemployment, going
from 9 0% in B elgium to45% intheCzech R epublic. O verall, ourdatasetcovers
between57 % and7 2% ofthetotalmanufacturingofB elgium, PolandandtheCzech
R epublic.

Comparisonofthedataacrosscountries isfacilitatedasBureauVanD ijckhar-
monises thereporteddatatomakecomparisonsof…nancialitemsacrosscountries
easier. Foreach…rmwealsohaveinformationonthesectorofactivity(withinthe
manufacturing) ithasitsmainoperationsin, whichimpliesthatweareabletomake
notonlycountrycomparisons, butalsointersectoralcomparisons.

W euseoperatingrevenueasaproxyforoutput(y) intheproductionfunction.
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T henumberofemployeesandtangible…xedassetsaretheinputs, labourandcapital
respectively. W eusethe(nominal) bookvalueofcapitalexpressedinthousandsof
Euros andrepresents thetruehistoricalcapitalvaluecorrectingfordepreciation.
O urdataconsists of34,026observationsover5 years (19 9 5-19 9 9 ). W ehave 7 ,29 1
…rms including7 46Polish…rms, 1,9 53Czech…rmsand4,59 2 B elgian…rms.

W e drop outliers in ourdata since these outliers can be detrimentalforthe
estimatedproductionfrontierandmayresultinover- orunderestimatedtechnical
e¢ciencies. W edrop thetop andbottom onepercentiles from thedistributionof
employment, operatingrevenueandcapital. T his guarantees us thatweexclude
from oursample unrealistichigh values forthedi¤erentvariables. A s adouble
checkwelookatthegrowthratesofthedi¤erentvariablesandeliminatethosewith
ayeartoyeargrowthrateofover250% . H owever, thismeans thatweloosesmall
…rms, e.g. …rmsthathadoneemployeein19 9 5 andhadfourin19 9 6. Inthisway, we
areleftwithrelativelybig…rms intermsofsizeandthis isre‡ectedintheaverage
sizeofthe…rmsinoursample. H owever, estimatingaproductionfunctionforsmall
…rmswithe.g. onlyoneemployeeisnotveryappealing.

3.1 ThePooledD ata

T hepoolingofthethreecountriesintoonedataset, however, introducesafewaddi-
tionalissues. Firstly, allB elgian…rmsareonaveragemuchsmallerthenthePolish
andCzech…rms. T his heterogeneity issueis usuallyproblematicwhenestimating
productionfunctions atthe…rm level. B utgiventheframeworkoftheStochastic
Frontierwheretheerrorterm consistsofa…rm-speci…ce¢ciencypart, thehetero-
geneityshouldbelessworrying. Previousstudiesthatlookedate¢ciencyof…rmsin
transitioncountries createdanationalbenchmark(P iesseandThirtle, 2000;Kon-
ingsand R epkine, 19 9 4 andothers). Toourknowledgethereareonlytwopapers
sofarwhereacommonbenchmarkiscreated;i) O siewalski, KoopandSteel(19 9 7 )
createaworld frontiertoanalyseoutputlevelandoutputgrowth in Polandand
di¤erentW esterncountries, andii)FunkeandR ahn(2002)createacommonbench-
markforEastandW estG ermanyusingstochasticfrontiertechniques. Inthisstudy
wepoolthedataofthethreecountriesenablingustocreateacommonbenchmark
forthethreecountries.

Secondly, aproductionfunctiondescribesthetransformationofinputs, measured
inphysicaltermsandthuswedonotde‡ateouroutputsinceweareinterestedin
thetechnicale¢ciencyof…rms.19 T hesemeasures arenotbiased by in‡ation as
wetransformedallvariables intoEuros, providedtherealexchangerateisapproxi-
mately1.
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3.2 SummaryStatistics

Inthis sectionwepresentsomedescriptivestatistics ofthedataset, sinceanun-
derstandingofthestructuringofthedatais very importantforthesetup ofthe
estimationofthetechnicale¢ciencies (T E).2 0 Sincewearedealingwithanunbal-
ancedpanelandwewanttocompareaveragetechnicale¢ciencies, itisimportantto
seethestructureofthepanel. Table1 showsthenumberof…rmsthatarepresentin
thepanelfor5, 4, 3, 2 and1 consecutiveyear(s). W ecanseethat81% ofthe…rms
inoursamplerunthroughtheentiretimeperiod19 9 5-19 9 9 . M oreover, only5% of
…rmsfrom thesampleappearonceortwice(consecutively) andtheyareallCzech
…rms. W eendthissectionbyreportingtheaverageemploymentandoutput(in1000
euro) forthethreecountriesforeveryyear(19 9 5-19 9 9 ). T heseresultsarereported
intable2. W ecanseethatonaverageB elgian…rmsaremuchsmallerandthelevel
ofemploymentismorestableovertimeascomparedtoPolishandtheCzech…rms.
T heaveragesizeofCEE…rms is, however, decreasingovertime. T his is consistent
with thegeneral…ndingofsheddingo¤ labourin formerplanned economies due
tomassivelabourhoardingduringthecentralplannedperiod(R oland, 2000). T his
timepatternisalsofoundforotherCEEcountries, e.g. Slovenia(H utchinson, 2002).
A veragelabourproductivityis higherinB elgium, althoughthedi¤erencesarenot
big. T his is becauseweuseoperatingrevenueasameasureofoutput. Ideallyone
wouldliketousevalueaddedtogetacorrectmeasureoflabourproductivity. W e
canthusseethesedi¤erences inlabourproductivityaslowerbounddi¤erences.2 1

4 R esults

Toobtainameasurefortechnicale¢ciencyweusemaximum likelihoodestimation
techniquestoestimateastochasticfrontierproductionfunction. W hileestimating
theaveragee¢ciencyrelativetosomebest-practiceforanumberofsectors is in-
teresting, recentlymoree¤orthas beenmadetoestimateitatthe…rm level. W e
usetheprogram FR O N T IER 4.1 (Coelli andB attese, 19 9 4) toestimatethemax-
imum likelihoodparameters oftheproductionfunctionand…rm speci…ctechnical
e¢ciencyestimates.2 2 W eemphasizethefactthatallresults arebasedonacom-
monbest-practicefrontierestimationforthreecountriesandthis isimportantwhen
lookingattheresults.

W e apply the B&C(19 9 2 and 19 9 5) framework tothe data described in the
previoussection. W e…rstlookatthecrosssectionalcasefortheyears19 9 5 and19 9 8.
W eexplorethedi¤erentfunctionalformsoftheunderlyingproductionfunction. In
a second sectionwe exploitthe time dimension ofthe paneland allowfortime
varyingtechnicaline¢ciency. Inathirdsectionweestimatetechnicale¢ciencyat
thesectorallevel, leavingtheimplicitassumptionofacommontechnologyacross
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industries. U singapartialaadjustmentmodelwecheckwethertechnicale¢ciency
inCEEs isconvergingtowardstheEU level. Finally, wedevelopamethodologyto
estimatetotalfactorproductivitychangeatthe…rm levelbuiltontheL ovelland
Kumbhakar(2000) andtheB&C (19 9 5) framework.

4.1 CrossSectionalA nalysis

W eusetheB&C (19 9 2) modelexpressedinequation(3) toestimatethetechnical
e¢ciency(T E)estimatesfor19 9 5 forB elgium, PolandandtheCzechR epublic. W e
have6,628 …rmsin19 9 5, 7 46ofwhicharePolish, 4,59 2 B elgianand1,29 0 Czech…rms
allactiveinthemanufacturingsector. W edothis forboththeCobb-D ouglasand
Translogproductionfunctionsrepresentedinequation(5) and(6) respectively. W e
…rstreporttheestimatesoftheproductionfunctions, wedenotetheCobb-D ouglas
asmodelA andthetranslogasmodelB .Table3representstheseestimatesformodel
A and B . W eseethatallcoe¢cients aresigni…cantatthe1% level. Sincemodel
A and B areboth inlogs, theaboveestimates areelasticities (e.g. ifwe increase
thelabourforcewith10% thanoutputincreaseswith2.17 1% and4.389 % formodel
A andB respectively). T heinterpretation, however, is notsointerestingsincewe
pooledthreecountries andcomeup withconstantelasticities. T helog-likelihood
functionvalueofmodelB ishigherthanthatofmodelA .W iththis informationwe
cantestmodelB againstmodelA bymeansofalikelihoodratiotest(providedthat
modelA andB arenested).2 3 T hetest-statisticis151.9 09 6andthusthishypothesis
has toberejectedatanyappropriate signi…cancelevel. O fcourse, this testonly
tells us thatourmodelreachesasigni…canthigherlikelihoodvaluewhenweusea
translogproductionfunctionandcannotbeusedonitselftojudgeontheunderlying
productionfunctionalform.

Intable4aand4bwereportthetechnicale¢ciencyestimatesformodelA and
B respectively. T hesetablesareatthecoreofthispaper. W eseethatB elgium…rms
areonaverage3% moree¢cientthanthoseinPolandand10% morethanthosein
theCzechR epublic. T herearenobigdi¤erencesbetweentheT EsfrommodelA and
B . M odelB results inslightlyhighertechnicale¢cienciesforPolandandthemost
ine¢cient…rm inPolandfallsbackto16.9 7 % whichremainsbiggerthantheonein
B elgium. O fcoursethemeandoesnotcompletelyrevealthedistributionoftheT E
inthedi¤erentcountries. U singthe…rm-speci…cestimates, Figure1 representsthe
distributionoftheT E percountry, wealsoinserttheoverallaverage2 4 (0.6218) of
modelA .W eseethatTEsarequitesymmetricallydistributedinallthreecountries.
T hedistributionofTEs in B elgium is centeredaroundabiggeraveragethanthe
overallaverage. T hesedistributionscon…rmourprior…ndings.

W ecantestwhetherthesedistributionsaresigni…cantlydi¤erentfromeachother
bymeansofaKruskal-W allis test.2 5 W ehavetorejectthis bothformodelA and
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modelB , withtest-statistics of1555.25 and1181.28 respectively. T hesearetobe
comparedwiththecriticalvaluesoftheÂ 2 distributionwith 2 degreesoffreedom
(wehave3countries). A s a…nalcriteriatocomparethedistributionofT E inthe
di¤erentcountries, Table5 shows thekurtosis andtheskewness forthecountries
formodelA andB . Table5 showsthattheT E inPolandismuchmoresymmetric
arounditsmeanandwithalowerpeak. BothB elgium andtheCzechR epublicare
morespreadandskewedtotherightaroundtheiraverages. T hesefourmoments
ofthedistributionofT Esaresensitivetothechoiceoftheunderlyingproduction
function. Forthetranslogmodel(B ), weseethatallvariancesarehigherandthat
nowinallthreecountriestheT E isskewedtotheright.

W erepeattheanalysisthatweconductedabovefortheyear19 9 8.2 6 W ebrie‡y
reporttheresultsandfocusonthecomparisonwiththeyear19 9 5. Furtheroninthe
paperweallowforrepeatedobservationsovertimeandusepaneldatatechniques.
Comparingtable6and3weseethatheproductionfunctioncoe¢cients havenot
changedinsignandonlymarginallyinelasticities, exceptfortheelasticityoflabour
formodelB .Table7 aand7 brepresentthetechnicale¢ciencyestimatesformodelA
andB fortheyear19 9 8. T hemainconclusionsremainthesame, B elgium …rmsare
onaveragemoree¢cientthanPolish…rms, whoaremoree¢cientthantheCzech
…rms. W e seethatthe TE levelis higherthan in theyear19 9 5: theoverallT E
averageformodelA andB increasedbyca5% andca3% respectively. T heCzech
…rms’T E increasedmorethan the Polish …rms. W ecouldarguethattheCzech
…rms’e¢ciency increasedmorethanthatofthe…rms intheothertwocountries.
Sincewehaveanunbalancedpanelwecanonlysaysomethingonthedistributionof
T Esandweexplorethechangeofe¢ciencyona…rmlevellateron.2 7 W enotethat
theoveralle¢ciencyin19 9 8 formodelA andB isnolongeronlymarginaldi¤erent.
T he translogproduction function results in smallerestimates which makes sense
sincemore(nonlinear) e¤ectsareconsideredintheproductionfrontierthaninthe
…rstorderapproximation (modelA ). Finallywereportthe…rstfourmoments of
thethreedistributionsoftechnicale¢ciencyinTable8 andthesedistributionsare
showninFigure2. A gainthetranslogproductionfunctionframeworkintroducesa
biggervariance(this canalsobeenseenbycomparingtheminimaandmaximaof
theT EundermodelA andB ).

W eusesimpleeconomicreasoningtoevaluatethechangeovertimeofthetech-
nicale¢ciency, followingJovanovic(19 82) framework, as suggestedbyFunkeand
R ahn(2002). H eassumesacompetitiveindustrywithknowntime-pathoffuture
outputprices where …rms di¤erin e¢ciency. Firms haveaspeci…ccostfunction
'ic(Y )withc(Y )acommonconvexcostfunctionand'iisa…rm-speci…cine¢ciency
parameter. T he…rmmaximizespro…ts¼ =p:Y ¡'¤ic(Y )with'¤i=E ('ijIt)2 8. To-
tallydi¤erentiatingtheFO CatdP =0 givesusarelationship betweentheoutput
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andthe(in)e¢ciencylevel.O utputis negatively (positively) relatedtoine¢ciency
(e¢ciency)orformally d Y

d '¤i
=¡ c0(Y )

'¤ic
00(Y ) < 0 . A …rmwillconsidersitse¢ciencylevel

andwilladjustlateronaccordingly. A ne¢cient…rmwillgrowbecauseitadaptsits
outputaccordingly, whereasan ine¢cient…rm becomes smaller. Jovanovic(19 82)
assumes thatthere is athresholdvalue'c such thatall…rmswith 'i < 'cwill
exitthemarket. T hisresults inahighermeane¢ciencylevelandalowervariance
aroundit. A ppliedonourresults2 9 , weseethatindeedaveragee¢ciencyincreases
andthatthevariancearounditdecreasesovertime. T hisisshowninTable9 . From
Figure 1 and 2 wecould arguethatthethethresholdvalues aredi¤erentacross
countries, i.e. 'cB > 'cP > 'cC Z andthis results inalargershareofrelativemore
e¢cient…rms inB elgium.

4.2 PanelD ataA nalysis: A llowingTechnicalE¢ciencytoChange
overT ime

Inthis sectionweusetheB&C (19 9 2, 19 9 5) speci…cations toestimateT E forthe
period19 9 5-19 9 9 .30 Paneldataallowsustorelaxthestrongdistributionalassump-
tionsofthecrosssectionalmodelsandwecanobtainestimateswithmoredesirable
statisticalproperties(seeKumbhakarandL ovell(2000)foradiscussion). W eexper-
imentedwithdi¤erentspeci…cationsandonlyreportthe‘preferred’speci…cation.

T heB&C (19 9 2) speci…cationallows fortechnicale¢ciencyestimates tovary
overtime. H owever, as stated earlierthis approach does notallowfora…rm to
becomemoreorless e¢cientthan another…rm. T he …xed orderingof…rms by
theirT Es is notveryappealing. W ebrie‡ydiscuss theresults ofthepaneldata
modelspeci…cationandcheckwhetherT E issigni…cantlychangingovertime. T his
analysiscanbedoneintwodi¤erentways. W ecanusetheB&C (19 9 2)modeland
estimatethe parameter´ togetherwith theotherparameters. A secondwayto
perform paneldataestimations - inaless structuredway- is totakeB&C (19 9 5)
speci…cationandintroducedeterminantsinthez-variableinequation(4). W efollow
thelastapproach31 fortheperiod19 9 5-19 9 9 andusethetranslogproductionfunction
as theunderlyingframeworkinallestimations. Fortheseestimationswehavean
unbalancedpanelof7 ,29 1 …rms. T hemodelweestimateisrepresentedasfollows

logYi;t = ¯0 + ¯1 logL i;t+ ¯ 2 logKi;t+ ¯3(logL i;t)
2 + ¯4(logKi;t)2

+ ¯5logKi;tlogL i;t+ (vi;t¡ui;t) (12)

withui;tnonnegativerandomvariablesandassumedtobeindependentlydistributed
astruncationsatzerooftheN (¹i;t;¾2u)where¹i;t=zi;t±. W eproceedinthreesteps,
i) weonlyallowforaconstantterm (modelC.1), ii) we introduceyeardummies
(modelC.2) andiii)weintroducesubsectoraldummies(modelC.3).
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Firstly, we only allowfora constantterm in the z-variable and this is just
the A igner, Schmidtand L ovell(19 7 7 ) modelspeci…cation.Table 10 shows some
descriptivestatistics oftheT E estimates peryearpercountry. W eseethatagain
B elgium…rmsareonaveragemoree¢cientthantheirPolishandCzechcounterparts,
butthatthePolishaverageisveryclosetotheB elgianone. Itishardtocompare
theseresultswiththeonesobtainedfromthecrosssectionalanalysis. Crosssectional
T Eestimatesareonlymomentregistrations ofa…rm’se¢ciencywhereasthepanel
dataapproachallowstotracethismoreaccuratelybecauseofrepeatedinformation.
H owever, thismodelspeci…cationisverysimpleinthewaytheine¢ciencye¤ectsu
aremodelledovertimeanditisnotfullycapturingthestrengthsofthepaneldata
techniques.

N owweintroducemoredeterminantsofT Eandestimatethesesimultaneously
with the T E estimates. T hereforeweuse the B&C (19 9 5) speci…cation thatal-
lowsfortimevaryingine¢ciencies inamore‡exibleway, thezi;tarechosenfreely
(seeequation(4)) incontrasttothe…xedfunctionintheB &C (19 9 2) speci…cation
(equation(3)). Fornow, weonlyusetimedummiestocorrectformacroeconomic
shocks anddi¤erences in in‡ationand producerprice in‡ation rates between the
threecountries. W etaketheyear19 9 5 asourreferenceyearandthushavefouryear
dummies for19 9 6, 19 9 7 , 19 9 8 and19 9 9 . Sothevectorz=(D1;D2 ;D3;D4)plays
theroleofaverysimplemodeltoallowfortimevariantT E.32 M aximumlikelihood
isusedtoestimatetheproductionfrontiercoe¢cientsandthetechnicale¢ciencies
andtheparameters ±0 ;±1;±2 ;±3;and±4 . W e…rstreporttheestimatedproduction
functionestimates inTable11. T heestimatedcoe¢cientshavethesamesignsand
magnitudesasmodelB in19 9 5 and19 9 8. Forthesamereasonsasbeforewedonot
devotealotofattentiontothe interpretationoftheelasticities, butwedocheck
whetherthesearesensible. T he±-parametersareallnegativeandsigni…cantfrom
zero, thismeansthatT Eis increasingsigni…cantlyovertime.33 Table12 represents
theestimatedTEforthethreecountriesforeveryyearandtheaverageoverthe…ve
years (19 9 5-19 9 9 ). O fcoursethistabledoesnotexploitthefactthatwehave…rm
speci…cT Efor5 years(exceptforthe…rmsthatarenotinthepanelfor…veyears).
W eseethatB elgian…rmsremainmoree¢cientonaverage, butthedi¤erencewith
Polish…rmsismuchsmallerthaninthecrosssectionalcases. W eseethatthismodel
speci…cationdelivershighertechnicale¢ciencyestimates. H owever, wecannotcom-
parethe TE in 19 9 5 from Table12 with the T E from table4a-b sincetheseare
di¤erentmodelspeci…cations. T heT Eofthethreecountriesaresurprisinglyclose
toeachotherandthiscouldbeduetotheverysimplestructurewechooseforthe
¹i;t=zi;t± partofthemodel.

Finally, weintroducesectoraldummies(S E C Tij= 1 if…rm i is insectorj) as
explanatoryvariablesforthetechnicale¢ciencyinordertocaptureindustry-speci…c
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ine¢ciencye¤ects. T hesystemexistsofequation(13), (14)and(15)andtheresults
arepresentedinTable13. W enotethattheseestimatesareaveragesovertheperiod
19 9 5-19 9 9 .

logYi;t = ¯0 + ¯1 logL i;t+ ¯ 2 logKi;t+ ¯3(logL i;t)
2 (13)

+ ¯ 4(logKi;t)2 + ¯5logKi;tlogL i;t+ (vi;t¡ui;t)

ui;ts i:i:d:N + (¹i;t;¾
2
v) (14)

¹i;t=±0+
2 2X

j= 1

±jS E C T i;j+&i;t (15)

T hesubsectors inboldarethosewithanabovenationalaveragee¢ciencylevelin
everycountry. ‘TobaccoProducts’is themoste¢cientsubsectorineverycountry
andsetsthebenchmark.34 W edonotgofurtherintothesubsectoralanalysis since
uptillnowwehaveassumedidenticaltechnologies. W edropthisassumptioninthe
followingsectionandallowfordi¤erenttechnologiesbetweenthesubsectors.35

4.3 SectoralA nalysisofTechnicalE¢ciency

Inthis sectionwelookforsectoralpatternswithinandacross thethreecountries
based on thecross sectionalT E estimates of19 9 5 and 19 9 8.36 W e splitup the
manufacturingsectorin23subsectorsfollowingtheN A CE2-digitclassi…cation(see
A ppendix3). W ecomparethesectoralpatternofTE between19 9 5 and19 9 8. In
asecondstagewedroptheassumptionofidenticalproductiontechnologyforevery
subsectorandweestimateabest-practicefrontieratthesubsectorlevelandsuggest
aninterpretationforthetechnical(in)e¢ciency.

4.3.1 A SectoralB lueprintofTechnicalE¢ciency

W e…ndthatthesubsectoralaverages di¤erwhenweusemodelA orB , andthis
di¤erence is mostapparentforPolandandtheCzech R epublic. W edemean the
T Es(usingmodelA ) fromtheirrespectivenationalunweightedaverageandwecan
identifysectorsthatareabovethenationalaverage, thesedeviationsarecalculatedin
thefollowingway: (T E j;N ¡T E N ).37 In19 9 5 wecanidentifyfoursectorsthathave
apositivedeviation in everycountry, the‘TobaccoProducts’, ‘Chemicals’, ‘B asic
M etals’and‘O ¢ceM achineryandComputers’. T hereare9 commonsectors(17 , 18 ,
20, 24, 26, 28 , 33, 35 and36)withnegativedeviationsfromtheirrespectivenational
average. In19 9 8 thereareonlythreecommonsectorswithapositivedeviation. T he
sector‘TobaccoProducts’appears tobethemoste¢cientsectorineachcountry,
withanaverageT E in 19 9 5 of66.12% , 60.9 8% and 7 0.37 % forPoland, theCzech
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R epublicandB elgium respectively. W ediscussthesectoralanalysis inmoredetail
inthenextsection, wheresubsectoralfrontiersareestimatedattheN A CE 2-digit
level.

4.3.2 SubsectoralEstimationofTechnicalE¢ciencyfor19 9 5 and19 9 8.

W edrop theassumptionthateverysubsectorofthemanufacturingsectoris pro-
ducingunderthesametechnology. Forthis, weestimateabest-practicefrontierat
the2-digitN A CElevel. W eusethetranslogproductionfunctionforallestimations.
Forsomesectorswehavefewobservations, whichmakestheestimationlessrobust.
Cross sectionalfrontieranalysis is in itselfproblematicwhen itcomes tohaving
consistentestimates, whenfacingfewobservationsthisproblem isexacerbated.

W eestimate…rm leveltechnicale¢cienciesforeverysubsector(15,..., 37 ) using
the B&C (19 9 2) modelandkeep ´ restrictedtozerosincewearedealingwitha
cross sectionalcase. W econsidertwospeci…cations, amodelthatrestricts ¹ = 0
andanotherthatdoesnothavethisrestriction, modelD andmodelErespectively.
T heformerspeci…cationisthesameassuggestedbyP ittandL ee(19 81)whereasthe
lattercoincideswiththemodelproposedbyStevenson(19 80). T hesespeci…cations
aretested againsteach otherbymeans ofa loglikelihood ratiotestsince these
models arenestedbyalinearrestriction.38 T henullhas toberejectedforsectors
21, 23and28.

B eforewediscusstheresultswehavetostressthefactthatthesubsectoralT E
estimatesarenottobecomparedbetweensubsectorsorwiththeresultsfrom pre-
vious sections. A T E ofe.g. 60% forasubsectorj re‡ects theaveragerelative
technicale¢ciencywithinthesubsectorj, howeverthissubsectorcanstillbemore
e¢cientthanasubsectorj+ 1 withanaverageof7 5% . T heestimatedTE gives
aninsightintherelativedi¤erenceine¢ciencywithineachsubsectorofthemanu-
facturingsector, i.eameasureof…rm heterogeneity. Ifoneis interestedinknowing
whetheragivensubsectorismoree¢cientthananother, onehastofollowtheanaly-
sispresentedintheprevioussection39. Table14presentstheaverageestimatedTE
atthesubsectorallevelforthethreecountriesandtheoverallaverageispresented
as well.4 0 T he numbers in Table 14 should be interpreted as follows: arelative
highoverallT E averagere‡ects ratherhomogeneous T E levels, althoughBelgium
…rmsareconsistentlyonaveragemoree¢cient(withexceptionofsubsectors23and
30). Subsector(35) with an overallT E of23.29 % has awidedivergence in …rm
TE levelswithinthis subsectorandforeachcountry. Indeed, weseethatthis low
averageis duetotheverylowaverageofPolandandCzechR epublic, 18.56% and
13.01% respectively. T hesameremarkthatwasmade in previous sections is still
validhere, i.e. theaverage is verysensitivetotheproportionofB elgian …rms in
a(sub)sector. W ethereforecheckwhetherthedistributionofT Es is di¤erentfor
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thethreecountrieswithineverysubsectorbymeansofaKruskal-W allis(KW ) test.
Table15 presentstheresultsofthistest.

W estressthefactthatweperformedthistestwithinasubsectorandwecheck
whethertheT Earedistributeddi¤erentlyinPoland, CzechR epublicandB elgium.
W e seethatthedistribution ofT E in B elgium, PolandandCzech R epublicof6
subsectorsarenotstatisticallydi¤erentfromeachother. T heothersubsectors’dis-
tributions are statistically di¤erentfrom each otherbetween thethreecountries.
H owever, ifwewanttocomparesubsectoralT Edistributionsacrossthethreecoun-
tries andperform aKW -test, weseethatsubsectors havesigni…cantdi¤erentdis-
tributedT Es.4 1 H owever, thistestisdoneforthewholemanufacturingsector. T his
resultis quite intuitively, wecanexpectatextileproducer(17 ) touseadi¤erent
technologythanachemical…rm (24).

4.4 PartialA djustmenttoA nalyseConvergenceofCEECountries

InthetreatyofN ice2000 aroadmap was approvedthatgives apotentialtiming
ofthe(mostearly) accessionofCEE countries. For…rms in CEEs tobeableto
meetthecompetitive pressure in the singlemarket; …rms’e¢ciency levelshould
convergetowardstheEU level. G iventhis ‘roadmap’theEuropeanU nionsetup,
itisinterestingtoseewhetherthee¢ciencyinthecandidatecountriesisconverging
towardstheEU level. InthissectionweanalysewhetherPolishandCzech…rms’T E
convergestothelevelofB elgian…rmsovertime. Sinceourtimeperiodisrathershort
(19 9 5-19 9 9 ), weexpectto…ndquitelowspeedofadjustmentparameters. W euse
thefollowingPartialA djustement(PA )-modelforPolandandtheCzechR epublic
respectively

T E j;P
i;t ¡T E j;P

i;t¡1 = ¸P(T E
j;B
t ¡T E j;P

i;t¡1) (16)

T E j;C
i;t ¡T E j;C

i;t¡1 = ¸C (T E
j;B
t ¡T E j;C

i;t¡1) (17 )

withthefollowingde…nitions: T E j;P
i;t = TechnicalE¢ciencyofaPolish…rm i active

insubsectorj intheyeart, T E j;P
i;t¡1= TechnicalE¢ciencyofaPolish…rm iactivein

subsectorj intheyeart¡1 , T E j;B
t = A verageTechnicalE¢ciencyofB elgian…rms

activeinsubsectorj intheyeartand¸ = speedofadjustmentparameter(̧ =0 :
noadjustment;¸ =1 : fullyadjustment)

Fortheseregressionsweonlyusethe…rmsthatareinoursamplefor…veconsec-
utiveyears, creatingabalancedpanel. T hisresults in27 40 Polishand37 12 Czech
observations over…veyears. Table 16areports theresults oftheregressions for
PolandandtheCzechR epublic. W eseethatthespeedofadjustmentparameterof
PolandishigherthantheoneoftheCzechR epublic. T hemagnitudeof¸ islowas
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expectedandsigni…cantforbothcountries. T hismeansthatPolishandCzech…rms
areonaveragegettingclosertotheEU benchmarkcreatedbytheB elgian…rms.

H owever, themodelaboveresults inanaverageconvergenceparameter¸. W e
drop this assumptionand introducetimedummies (forthefouryears 19 96-19 9 9 )
and time dummies interacted with the independentvariable. T he factthatwe
havenoconstantterm in ourmodelimplies thatwetake allfourdummies and
allfourinteraction terms intotheregression. Takingthetimedummies intothe
regression allows us tohave di¤erentyear-intercepts. T he PA -modelwith time
dummiesisrepresentedinequations(18)and(19 )forPolandandtheCzechR epublic
respectively.

T E j;P
i;t ¡T E j;P

i;t¡1 =
4X

s= 1

¸Ps(T E
j;B
t ¡T E j;P

i;t¡1):Ds +
4X

s= 1

®PsDs (18)

T E j;C
i;t ¡T E j;C

i;t¡1 =
4X

s= 1

¸C s(T E
j;B
t ¡T E j;C

i;t¡1):Ds +
4X

s= 1

®C sDs (19 )

T heresults areshown in Table16b. W eseethatforbothPolandandtheCzech
R epublicthe results in Table 16a hide the di¤erences ofthe convergence across
years. A llcoe¢cientsaresigni…cantatthe1% signi…cancelevel. T heconvergence
parameter4 2 isalwayspositive, implyingthat…rmsinPolandandtheCzechR epublic
aregettingclosertotheB elgianaverage, whichitselfischangingovertime. H owever,
therateatwhichtheydoisdecreasing, indicatingaconcavetimepattern. W esee
thatPolish…rmshaveonaverageahigherspeedofconvergenceandthatthefallin
themagnitudeoftherateis smallerthanthatoftheCzech…rms. T heextension
ofthe PA -modelindicates thatthere is indeedaheterogeneous process goingon
overtime, andthus makes the simple PA -modelexpressed in equations (16) and
(17 ) less appealing. N otethatthespeedofadjustmentin theCzech R epublic is
0.109 1 in19 9 6, whereastheaverageovertimeinTable16asuggestaparameterof
only0.0305. T hese…ndings arequiteintuitive, weexpectto…ndthattherateof
convergencedecreasesovertimesinceitishardertogetclosertothebenchmarkthe
smallerthedistancetothisbenchmarkbecomes.

4.5 EstimatingTFP ChangeinaSystemofEquations.

B y combiningtwoexistingtechniques (L ovelland Kumbhakar(2000) with B &C
(19 9 5)) wedevelop an empiricalmethodology todecompose productivity growth
intovarious elements. O ne ofthese elements is technicale¢ciency, in this way
wecan seehowmuche¢ciency improvements arefeeded intoproductivitygains.
U p tillwenowwehaveassumed structured functionalforms forthe ine¢ciency
e¤ectuit(e.g. BC,19 9 2). W e introduceamore‡exibleframeworkand introduce
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asystem ofequationswheredeterminants oftechnicale¢ciencyareestimated si-
multaneouslywith theproduction frontier.4 3 T his setup allows us tocaptureall
possiblemovementswithintheinput-outputspace(X ;Y ). T hatis: i) keepingthe
frontierconstant, movingclosertoorfurtherawayfromthefrontierre‡ectsachange
intechnicale¢ciency, ii) keepingthefrontierconstant, movingalongthehorizontal
axis, reducingorincreasinginputs and…nally iii) ashiftofthefrontieritself, re-
‡ectingachangeintechnologyortechnicalchange. T hesecondmove(ii) depends
ontheeconomies ofscalethe…rm is producingunder. T heanalysiswepursueis
disentanglingthesee¤ectsatthe…rm levelusingthemethodologysuggestedabove
(section2.3and2.5) asbuildingblocks.

W eusethetranslogproduction functionwith labourandcapitalas inputs.4 4

W eintroduceatimetrendandallowforanonlineartrende¤ect. W einteractthe
inputs withthetimetrendtoallowfornonneutraltechnicalchange. Finallywe
interactthetimetrendwithcountrydummiestoallowforcountry-speci…ctechnical
changes4 5.

W eassumethatthee¢ciencye¤ectuitis afunctionofsubsectoraldummies, a
timetrendandinteractedterms. W ederivethedi¤erentcomponentsofT FP change
withinthis frameworkandgiveexpressions forthedi¤erentestimatedcomponents
oftheTFP change. T hesystem oftwoequations (20) and (21), representingthe
stochasticfrontierproduction and thetechnicaline¢ciency e¤ectrespectively, is
estimatedinonestepusingmaximum likelihoodandlooksasfollows

lnyit = ¯0 + ¯1 lnL it+ ¯ 2 lnKit+
1
2
£
¯3lnL it

2 + ¯4 lnKit
2 + ¯5lnL it:lnKit

¤

+ ¯6:t+
1
2
¯7:t

2 + ¯8 lnL it:t+ ¯9 lnKit:t+ ¯10 B E L i:t+ ¯11P O L i:t

+ ¯12 B E L i+ ¯13P O L i+ vit¡uit (20)

uit=±0 + ±1:t+ ±2 :t2 +
2 5X

j= 3

±jS E C Tij+
4 6X

j= 2 6

±jSE C Tij:t+ ³it (21)

withi the…rm index, tthetimeindexandthesubsectorswithinthemanufacturing
sectoraredenotedbyj.4 6 A sbeforewehaveacomposederrorterm intheproduc-
tionfunction, vitisarandomcomponentthatis i:i:d:(0 ;¾ 2v)andindependentofthe
ine¢ciencye¤ectandtheerrorterm ³it inthesecondequation. W eallowfornon
lineartechnicale¢ciencychangesbyaddingt2 inthesecondequation. W einclude
sectoraldummies in the regression (S E C Tij) and introduce an interaction term
betweenthetimetrendandthesubsectoraldummiestocapturethesubsectoraldif-
ferencesintechnicale¢ciencychange, sinceweknowfromtheprevioussectionthat
e¢cienciesaresignifantlydi¤erentacross thesubsectorswithinthemanufacturing
sector.
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T heestimatedcomponentsandparametersaredenotedwithhats. W estressthat
theparametersigni…cancyisofcourseanissuehere, andonlysigni…cantparameters
arerelevantthroughoutthewholeanalysis. T heestimatedtechnicalchange(bT M),
estimatedtechnicale¢ciencychange(dT E M), estimatedoutputelasticities (b"L and
b"K ) andthescaleelasticity(b"=b"L + b"K ) arerepresented inequations (22), (23),
(24), (25) and(26) respectively.

bT Mit= b̄
6+ b̄

7:t+ b̄
8 lnL it+ b̄

9 lnKit (22)

dT E Mit=¡(b±1 + 2:b±2 :t+
2 5X

j= 3

b±jS E C Tij+
4 6X

j= 2 6

b±jSE C Tij:t) (23)

b"Lit= b̄
1 + b̄

3lnL it+ b̄
5lnKit+ b̄

8:t (24)

b"Kit= b̄
2 + b̄

4 lnKit+ b̄
5lnL it+ b̄

9:t (25)

b"it=b® 0 + b®1 lnL it+ b® 2 lnKit+ b®3:t (26)

withobviousde…nitionsforb® 0 , b®1, b® 2 andb®3. N otethatthedi¤erentcomponents
are…rm speci…candtimevarying. T heaboveexpressionsareintheirmostgeneral
form and itis easilyseenhowtheseexpressionsimplifyunderdi¤erentparameter
restrictions likee.g. nonon-neutraltechnicalchange (̄ 8 = ¯9 = 0 ).4 7 N owwe
havea…nalexpressionforestimatingthechangeintotalfactorproductivityunder
asimultaneous translogstochasticfrontier(ST SF) model. T hechange in T FP is
de…nedinequation(9 ) andusingaboveexpressionsresults inequation(27 ).

\±
T F P it= bT Mit+ dT E Mit+(b"it¡1 )

·b"Lit
b"it

±
L it+

b"Kit

b"it
±
Kit

¸
(27 )

with
±
L it=lnL it¡lnL it¡1 and

±
Kit=lnKit¡lnKit¡1, therateofchangeoflabour

and capitalrespectively. W e only reportthe estimated components ofthe T FP
changeandtheT FP changeitself. T heproductionfunctionestimatedcoe¢cients
andallthe±’saresigni…cantdi¤erentfrom zeroandareusedtoestimatetheT FP
change4 84 9. Table17 illustratesthedi¤erencesinthe(average) TFP decomposition
betweenB elgiumandCEEs. T FP growthinCEEs…rmsismainlyduetoanincrease
intechnicalchange(ashiftupwardsoftheproductionfrontier), whereastheB elgian
…rmsTFP growthisalsodrivenbyanincreaseintechnicale¢ciency(amovetowards
the frontier). B elgian T FP change clearly exhibits adi¤erentpattern, havinga
persistenceintechnicale¢ciencychangealthoughatadecreasingrate.

T hescalecomponentisquitelargeforthePolish…rms incomparisonwiththat
oftheCzechandBelgian…rms. T hismightbeduetothesizeofanaveragePolish
…rm. W eknowfrom Table2 that…rm sizeis - onaverage- biggerin Polandand
thusreducinglabourintotheproductionprocess canexplainthis largershare. In
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orderforthis explanationtohold, anaveragePolish …rm needs toproduceunder
decreasingreturns toscale. T hus, beforewecan interpretthescalecomponentof
theT FP changewehavetomakeinferences aboutthereturns toscale. Table18
presents this averageelasticitypercountryandperyear. T he increasingshareof
thescalecomponentmeansthatonaverage- andunderdecreasingreturnstoscale
- …rms inthemanufacturingsectorarereallocatingresources, i.e. reducinglabour
and/orcapital.50 InthecaseofPolandandtheCzechR epublicweknowfromsection
3thataverageemploymentisdecreasingovertime. Itisageneral…ndingthat…rms
inCEEsundertheplannedregimesu¤eredfrom labourhoarding(R oland, 2000).

5 InterpretationoftheR esultsandSomePolicyImpli-
cations

Inthissectionwebrie‡yinterprettheestimatedtechnicale¢cienciesonamoregen-
erallevel. T heinterpretationof(in)e¢cienciesgoesbacktotheconceptofL eiben-
stein’sX -ine¢ciency…rstproposedin19 66. H estatedthatthemotivationtoreduce
production costs comes primarily from externalpressure. T his leads toassume
thatthereasons …rmsdonotmaximisepro…ts is becauseofe¤ortdiscretion. T he
viewwaslateroncriticised, e.g. Stigler(19 7 6) andD emsetz(1969 ) tonamebuta
few. Thelatterreferstothecommonpracticeofcomparingtherealworldwithan
idealbutnotexistentworldtoconcludethattherealworldis(relatively) ine¢cient
(FidalgoandG arcia, 2000). Itremainsafactthattheveryconceptoftechnicalinef-
…ciencycannotberationalisedwiththetoolsofneoclassicaltheoryofthe…rm, since
this notionviolates centralassumptions ofeconomictheory. H owever, traditional
productiontheoryisusedtodeveloptechniquestomeasuresuchmisperformances.
H owtogofromherethen?

A ssuggestedinthesectoralanalysisabove, weseethetechnicale¢ciencymea-
sureratherasameasureofheterogeneityofthe…rms inthesample, violatingthe
assumptionsmadebyeconomictheory. Itisclearthatifsome…rmsperform better
thanothersitcanbebecausetheyaredi¤erentandnothomogeneousasisimplicitly
assumedwhencreatingacommonproductionfrontier. T heissueofine¢ciencythan
appearstobeoneofheterogeneityandthereforeleadstothequestionwhyare…rms
di¤erent? O urintepretation ofTE as ameasureofheterogeneitycoincides with
theviewputforwardbytheresource-basedviewoftechnology (FidalgoandG arcia,
2000). T hisviewstatesthattechnologydi¤ersacross…rmseveninthesameindus-
tries, because…rmsusuallypossessomeresourcesandcapabilitieswhichareunique
andwhich are ignored in theestimation ofthee¢ciencies. T his is whatwe…nd
whenestimatingtheT Eatthe2-digitN A CElevel. Itisthusveryimportanttobe
awareofthecommontechnologyassumptionwheninterpretingtheresults. W ithin
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this setup, estimatedTEmeasures therelativevalueofresources andcapabilities
notobservedornotincluded inthemodelthatwereassumedtobehomogeneous
across …rms. T helattercanbeinterpretedasameasureofcompetitiveadvantage
ofthe…rm, althoughrestrictingittotheproductivecomponent. Inourcasethis
meansthat…rmsintheEU stillhaveacompetitiveadvantageoverthe…rmsinCEE
countriesandmorepreciselyaproductiveadvantage. H owever, giventheresultsus-
ingthepartialadjustmentweseethatthisadvantageisbecomingsmallerandthus
impliesthat…rms inCEEaregettingmorecompetitive.

6 Conclusion

W ecreatedacommonproductionfrontierfortwoEU -candidates (Polandandthe
Czech R epublic) andaEU country(B elgium). A s expected, B elgian…rms setthe
benchmarkand are on averagemore (technically) e¢cientthan …rms in Poland
andtheCzechR epublic. H owever, Polish…rmsareveryclosetotheB elgianlevel,
whereasCzech…rmsarefurtherawayfrom thebenchmark. A veragetechnicale¢-
ciency(TE) isaround60% andpointstothefactthat…rmsarefailingtobepro…t
maximizersorcostminimizersassuggestedbyneoclassicalmicroeconomictheory.

Ifweestimatetechnicale¢ciencyatamoredisaggregatedlevel(2 digitN A CE)
we…ndthattherearebigdi¤erencesbetweensubsectorsofthemanufacturingsec-
tor. W einterpretedthetechnicale¢ciencyestimatesasmeasuresofheterogeneityof
T Ewithinasubsector. W eidenti…edthreecommonindustries(‘TobaccoProducts’,
‘Chemicals’, ‘B asicM etals’) thatarerelativelye¢cientcomparedtoanationalav-
erage. W henallowingforrepeatedobservationsovertime, we…ndevidenceforan
increasingT E.T hepaneldataresultscon…rmtheresultssuggestedinthecrosssec-
tionalanalysis, althoughtheformerarepreferredbecausetheyarebasedonrepeated
observations.

U singapartialadjustmentmodelwe…nd evidence forconvergenceoftheef-
…ciencylevels of…rms inCEE countries towards anEU level. H owever, thecon-
vergence is atadecreasingrate, startingo¤ higherin Polandthan in theCzech
R epublic, suggestingaconcavetimepatternofconvergence.

Combiningtwoexistingtechniques wedevelop amethodologyofestimatinga
…rm andyearspeci…cdecompositionoftotalfactorproductivity intoseveralcom-
ponentsandestimatethis. Inthiswaywecanputtheestimatedtechnicale¢ciency
inperspective. W eseethatismainlytechnicalchangethatdrivesthetotalfactor
productivitychange. Firms inEU - candidatecountries arereallocatingresources
underdecreasingreturnstoscaleandthescalecomponenthasan increasingshare
inT FP change. B elgianT FP changeclearlyexhibitsadi¤erentpattern, havinga
persistenceintechnicale¢ciencychange, althoughatadecreasingrate.
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N otes
1W ithin this setup weallowforaCEE …rm tosetthebenchmarkaswellas aB elgium …rm.

In this waywedonotcatagorise …rms from CEE countries apriori as beingless e¢cient. In a
normalregressionframeworkonecouldthinktousecountrydummies, howeverthesedocatagorise
producersbyconstruction.

2 SeeFried, L ovellandSchmidt(19 9 3) foradiscussiononthedi¤erentcomponents.

3W enotethata…rm istechnicaline¢cientifitisunderthebest-practicefrontierandthatitis
technicale¢cientwhenitisonthefrontier.

4 W erefertothesespeci…cationsasB &C(19 9 2) andB &C(19 9 5) respectively.

5G iven thattechnicalchangeis de…nedbyanappropriateparametermodelandthetechnical
ine¢ciencye¤ects in stochasticfrontiermodelarestochasticandhavethespeci…eddistribution.
W eincorporatethistypeofanalysis insection2.5.

6H owever, X is nowamatrixcapturingthetwodimensionsofthepanel, i.e. timeandnumber
ofproducers.

7W e stress thatthe vectorurefers to the ine¢ciency e¤ects (substractingoutputfrom the
potentialoutput). T he…rm speci…ce¢ciency, however, ismeasuredintermsoftechnicale¢ciency.

8W epresentthemodelsuggestedbyL eeandSchmidt(19 9 3) as this approachshowsthatone
canmodeltime-varianttechnicaline¢ciencye¤ectsandstillusetime-invariantdeterminants (this
cannotbedonewithintheframeworkoftraditionalpaneldatatechniques as …xede¤ects.) T heir
modelis suited forapplications in which thenumberof…rms is largeand thenumberoftime-
seriesobservationsper…rm isrelativelysmall. SchmidtandL ee(19 9 3)consideralinearproduction
frontier. L ettherebe N …rms indexed by i= 1;:::;N and T time-series observations per…rm,
indexed by t= 1;:::T. L etyi;t denote the output(in logs) of…rm iattime t, and X i;tthe
correspondingvectorofinputs(inlogs). A sbeforevi;trepresentsstatisticalnoise, whereasui;t¸ 0
represents technicaline¢ciencyofa…rm iattimet. T hemodelin its generalform can thenbe
writtenasfollows

yi;t= ®t+ X 0i;t̄ + vi;t¡ui;t= ®i;t+ X 0i;t̄ + vi;t (28)

with ®i;t= ®t¡ui;tthe interceptfora…rm iattimet. A nd ®t is thefrontierinterceptorthe
maximum possiblevalueof®i;t. Inthiswaytheyincorporatedtime-varianttechnicale¢ciencyat
the…rm level. Schmidtand L ee (19 9 3) considerthemodelinwhich ®i;t = µt±iwherethe µ are
parameterstobeestimated. O necanseethatforµt= 1 forallt, weareinthesimplePanelD ata
model. O therwisethetemporalpatternoftechnicaline¢ciencyiscompletelyunrestrictedalthough
assumedthesameforall…rms. T hemodelthattheseauthorsconsidercanalsobecomparedtothe
two-wayanalysis ofcovariancemodelthatincludes both individualandtimee¤ects. T his model
has ®i;t= ±i+ µt.

9T heonlyrestrictiontheyimposedisthatall…rmsshouldhavethesamepatternofchange.

10 In thecaseofincreasingtechnicale¢ciencye¤ects, weseethat…rms havemonotonically in-
creasingtechnicaline¢ciencye¤ects in thecaseof´ < 0 , thereverse is true if´ > 0 . H owever,
onemustbearinmindthatincreasingtechnicaline¢ciencye¤ects(ui;t) implydecreasingtechnical
ine¢ciencyestimates (exp(¡ui;t) = TEi;t). T hus iftheestimationforparameter´ is positivethis
implies thatthe e¢ciency of…rms increaseovertime, ata ratedetermined by the exponential
functiondependingon(t¡ T).

11T his isbecausethetechnicaline¢ciencye¤ectsofdi¤erent…rmsatanygiventimeperiodtare
equaltothesameexponentialfunction ([exp¡´(t¡ T)]´ exp(T ¡ t)) ofthecorresponding…rm
speci…cine¢ciencye¤ectsatthelastperiodofthepanel(ui).

12 Sincewehavearathersmalltimedimension inourdata, wecouldarguethattheorderingof
…rms’e¢ciencyisnotchanged. H oweverthiscanbequestionedbecausewearedealingwith…rms
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in transition countries and ourpanelstarts attheyear19 9 5. A fter19 9 5, thetransition process
reallytooko¤ anditcanbeexpectedthatthisprocesscanaltertheorderingof…rmsaccordingto
theirtechnicaline¢ciency.

13T his approach follows on theprevious sections although there is afundamentaldi¤erence in
thewaytimevarianttechnicaline¢cienciesaremodelled.

14 T his sectionreliesmostlyonL ovellandKumbhakar(2000) andreferencesherein.

15T hisde…nitionisaconventionalD ivisiaindexofproductivitychangeprovidedweareinascalar
outputcase.

16W eassumethatthetechnicale¢ciencycomponentis a function oftime, u(t). T his general
representationallowsus toincorporatedi¤erentspeci…cations (e.g. B atteseandCoelli (19 9 2) and
Kumbhakar(19 9 0)) intoouranalysis.

17T hisassumptionimpliesthatweassumeperfectcompetitionintheproductmarketsinceprices
are equaltomarginalcosts. W hen assumingthe latter, the estimated totalfactorproductivity
estimatesarebiasedifproductmarketsareimperfectlycompetitive(H all, 19 88). T hisassumption
ofperfectfactormarkets is debatable, however, it is justaworkingassumption often used in
empiricalwork(seee.g. L evinsohnandPetrin, 2001).

18Forinstance B atteseand Coelli (19 9 2) speci…cationuit = [exp(¡´(t¡ T))]ui is an example
howtheine¢ciencyvariable is dependingont. H owever, wewillpartiallyovercomethis problem
byusingasystem ofequationswheretechnicale¢ciency itselfis afunctionofdi¤erentvariables
thatchangeovertime, butnolongerdirectlydependingont.

19 N otethoughthataswescaleeverythinginlogsthispricedi¤erenceiscapturedbytheconstant
term. H owever, theproducerpriceindexmayalsocapturemonopolypowerintheoutputmarket.

2 0 T heprogrammFR O N T IER hasaverystringentsetupofthedatasetinorderfortheprogramm
toconverge.

2 1Tofullycomparelabourproductivitybetween thecountries oneneeds tocorrectforquality
di¤erences aswell. Sinceweconstructadi¤erentmeasuretocomparethesecountries, wedonot
gointotheseissues.

2 2 W euseestimate hereandnotmeasure - as oftenusedthroughouttheliterature - sincethese
areactualestimateswith standarderrors aroundthem. T his allows us tomakeinferences about
the T Es. W hereas deterministicapproaches like D EA producee¢ciencymeasures, thatare just
pointestimates (H orraceandSchmidt, 19 9 6).

2 3T his test-statistic is obtainedbytakingtwicethedi¤erenceoftheloglikelihoodvalues, and
underthenullhypotheses (̄ 3= ¯ 4 = ¯5 = 0 ) hasaÂ

2 distributionwith3degreesoffreedom.

2 4 T hisaverageis sensitivetotheproportionofB elgian…rms inthesample, which inourcaseis
morethanonethird. H owever, wealsoencounteralotofveryine¢cientB elgian…rms.

2 5T he nullhypotheses is thatthedistribution oftechnicale¢ciency is the same in the three
countries.

2 6W ewouldliketocomparethelastperiodofoursample(19 9 9 )withthebeginningofthesample
(19 9 5). H owever, theestimationofT E inthelastyearofthesampledidnotconverge. T his can
beduetothelackofvariationinthisyear.

2 7W edid notcreateabalanced panelfortheyears 19 9 5-19 9 8 because this would introducea
sampleselectionbias, thatiswewouldonlycomparethee¢ciencyof…rms thatwereactiveboth
in19 9 5 andin19 9 8.

2 8Itis theinformationsetattimetandast! 1 '¤i = 'i.
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2 9W edonothavethefullpopulationof…rmstoadresstheentry-exitissueinfull.

30 N otethathereweareabletoproduceestimatesfortheyear19 9 9 . T hisisbecausethepaneldata
approachusesboththevariationincross sectionandintimetoestimatethetechnicale¢ciency.

31T he…rstapproachresults inverylowTE estimatesduetovarious reasons. Evenifwesupply
theprogram with startingvalues as toguide themaximum likelihoodestimation iterativeproce-
dure, usingdi¤erentstartingvalues, theresults from thecross sectionalestimations andvarious
combinationsofthem, theresultsarenotrobust. T his iswhyweprefertheB &C (19 9 5) model.

32 A lternativelyonecanincludeatimevariableinsteadofdummies. W eusethisapproachwhen
estimatingthetotalfactorproductivitychangelateron.

33Toseethis, notethatexp(x) > 0 ifx < 0 andthatTEi;t= exp(¡ui;t).
34 T he tobacco products (16) industry has a high and stable demand forits products. T he

internationalcompetitioncoupledwitharatherinelasticdemandcouldexplainthis …nding.

35O necouldarguethatintroducingcountrydummies is exactlydoingthisatamoreaggregated
level, butthen itis nolongerinformativetoestimatetechnicale¢ciency. Ifone is interested in
thefrontiercountrydi¤erences, an O L S regressionwithcountrydummieswilldo. B yestimating
e¢ciencyatthe2 digitN A CElevel, wecanstillcompareCEE…rmsrelativelytoaEU benchmark
(onlywithinthatsubsector).

36T heresultsofthepaneldataarelessrobusttofunctionalform thanthecrosssectionalresults,
sowebaseoursectoralanalysisonthecross sectionalT Eestimates.

37U singfollowingde…nitionsthatTEj;N istheaverageTEofsectorjfrom countryN andTEN

is the nationalaverage TE forcountry N , withj= (15;:::;37) and N = (Poland, Czech R ep.,
B elgium).

38T henullhypothesisofhavingacorrectrestrictionistestedagainsthavinganincorrectrestric-
tion, thetest-statistichastobecomparedwith3:84 1 (Â 2 criticalvaluewithonedegreeoffreedom
atthe5% signi…cancelevel).

39 A lthoughonecouldarguethatassumingthesametechnologyoverallsubsectorsandoverthree
countries isnotrealistic.

4 0 T he missingsectors 15, 16, 18 , 32 and 36are betterestimated with O L S orneed di¤erent
startingvalues which results in very high T E estimates ofca. 0.9 9 , meaningthatthereareno
ine¢ciencye¤ects. T heTEestimatesofthethreesectorswheretherestriction¹ = 0 wasrejected,
arebasedonmodelE.

4 1T henullhypotheses states thatT Es aredistributedthesameovereverysubsector. B utjust
as inatestofoveridentifyingrestrictions, wecannotidentifywhichsector(s) is (are) causingthis
hypothesistoberejected. T hinkoftheclassicalexampleofVerbeek(2000), ifapuballowsyouto
getthreebeersandonlypaytwo, couldyoutellwhichoneis forfree?

4 2 W eonlyreporttheadjustmentparameters intables 16aand16b.

4 3T his refers toB atteseandCoelli (19 9 5) representation. T heine¢ciencye¤ectuit is assumed
tobeanormal-truncatedvariablewithmean¹itandvariance¾ 2u. T hemean¹itis itselfafunction
ofvectorofvariables z it. T his is exactlythesecondequationinthesystem ofequations.

4 4 W euseadi¤erentvariantofthetranslogproductionfunctionhere. T hesecondordertermsare
weightedby1=2 , this simpli…esthefurtheranalysis.

4 5T his impliesthatwehavetoincludethecountrydummiesaswelltocontrolforcountrydi¤er-
ences.
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4 6T hereare 23 di¤erentsubsectors in themanufacturingsector(accordingtothe N A CE rev.1
classi…cation). L eavingthe…rstsubsector(15) outtoavoidthedummy-trap, this implies having
22 dummies (from 3to25) andhaving22 interactionterms (from 26to46).

47Exceptforthefactthatweassumeawaytheallocativee¢ciencycomponentbecausewedonot
haveanyinformationontheprevailinginputprices.

4 8T hereare45 coe¢cients(foreverysubsectorofthemanufacturing(22)andinteractedwiththe
timetrend(22) andtheconstantterm) intheine¢ciencymodel. N egativecoe¢cients implythat
thesectorismoree¢cientthanthereferencesector(15, FoodProducts)andiftheinteractedterm
is signi…cant, this means thattechnicale¢ciency is signi…cantlychangingovertimeinthatgiven
subsector. W edonotgofurtherintothis, sinceourmaininterestlies inthedi¤erentcomponents
oftheT FP decomposition.

4 9T heproductionfunctioncoe¢cients (̄ ) andthecoe¢cientsfrom theine¢ciencymodel(±)are
usedtocalculatetheT FP decomposition. T hetablebelowshowsthecoe¢icientsoftheproduction
function, whereY : signi…cantatanyappropriatesigni…cancelevelandN : notsigni…cant.

¯ coe¢cient signi…cant
¯1 0.8 7 0 Y
¯ 2 -0.400 Y
¯3 -0.048 Y
¯ 4 0.029 Y
¯5 0.015 Y
¯6 0.19 0 Y
¯7 -0.019 Y
¯8 -0.005 Y
¯9 -0.001 N
¯10 -0.024 Y
¯11 -0.010 N
¯12 2.06 Y
¯13 4.24 Y

T hecoe¢cients forlabourandcapital(includingthehigherorder) areas before. Coe¢cients
¯6and¯7suggestashiftupwardsoftheproductionfunction, howeveratdecreasingrateovertime.
T he interpretation ofthe coe¢cients ¯8 and ¯9 (both inputs interactedwith thetimevariable)
con…rm thatlabouris a‡owvariableandis signi…cantlychangingovertime, whereas capitalis a
stockvariableand is re‡ected inan insigni…cantcoe¢cient. From theabovetableitis alsoclear
thattheCzechR epublichasasigni…canthighershiftupwards intheproductionfrontier, i.e. both
coe¢cients¯10 and¯11 arenegative. T hisresultisalsofoundwhenwedecomposethetotalfactor
productivityintoitsvariouscomponents(seetable17 ). T helasttwocoe¢cientsimplythatPoland
andB elgium haveahigherinterceptrelativetotheCzechR epublic.

50 T hesearethesummarystatisticsoftheestimatedscaleelasticities. Tomakeinferences about
them (CR S, D R S orIR S) weneedtotestthesevarioushypothesis.
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Table1: T heStructureofthePanel(19 9 5-19 9 9 )
N umberofyears inpanel N umberof…rms

Poland CzechR ep. B elgium Total %
5 685 9 28 4315 59 28 81
4 57 415 247 7 19 10
3 4 266 30 300 4
2 0 266 0 266 4
1 0 7 8 0 7 8 1

Total 7 46 19 53 459 2 7 29 1 100

Table2: SummaryStatistics (x1000 euro)
Year Poland CzechR ep. B elgium

output empl L P output empl L P output empl L P
19 9 5 417 8 9 6 0.4651 149 47 1 0.3161 57 9 7 0.59 11
19 9 6 421 886 0.47 46 148 419 0.3528 58 9 4 0.6219
19 9 7 455 836 0.5448 154 37 5 0.409 7 63 9 4 0.669 5
19 9 8 441 7 7 4 0.569 7 147 334 0.4410 65 9 4 0.6862
19 9 9 404 682 0.59 30 157 341 0.459 5 64 9 3 0.69 06

L P : labourproductivity(output/emp);Exchangerateused: EC, 2001

Table3: EstimatingmodelA andB for19 9 5 (N =6628)
D ependentVariable M odelA M odelB

logYi coe¢cient standarderror coe¢cient standarderror
logK 0.5511 0.009 2 -0.6646 0.0621
logL 0.217 1 0.009 8 0.4389 0.0531

(logK)2 - - 0.0408 0.0036
(logL )2 - - -0.1441 0.0051

logKlogL - - 0.0845 0.007 0
constant 6.31 0.09 8 7 12.58 0.2801

log-likelihood -9 884.5011 -9 808.5463
* : signi…cantat1%

Table4a: TechnicalE¢ciencyM odelA (19 9 5)
T I (A ) 19 9 5 Poland CzechR epublic B elgium O verall
average 0.59 37 0.5503 0.6453 0.6210
median 0.59 04 0.549 8 0.6521 0.6262
min 0.2662 0.0147 0.1053 0.0147
max 0.844 0.822 0.8405 0.844

O bservations 7 46 129 0 459 2 6628
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Table4b: TechnicalE¢ciencyM odelB (19 9 5)
T I (B ) 19 9 5 Poland CzechR epublic B elgium O verall
average 0.6180 0.5433 0.6445 0.6218
median 0.619 1 0.547 9 0.6462 0.6821
min 0.169 7 0.0054 0.1146 0.0054
max 0.8823 0.8327 0.8543 0.8823

O bservations 7 46 129 0 459 2 6628

Table5: M omentsofD istributionofT EforM odelA andB (19 9 5)
M oments Poland CzechR epublic B elgium

A B A B A B
mean 0.59 37 0.617 9 8 0.5503 0.5433 0.6453 0.6445

variance 0.0039 0.0059 0.0058 0.009 5 0.0051 0.0054
kurtosis 4.19 84 4.827 7 6.6529 4.6408 6.4181 5.4824
skewness 0.1450 -0.4361 -0.6267 -0.5621 -0.9 07 5 -0.5834

Table6: EstimatingmodelA andB for19 9 8 (N = 7 068)
D ependentVariable M odelA M odelB

logYi coe¢cient standarderror coe¢cient standarderror
logK 0.549 7 0.0086 -0.6032 0.0513
logL 0.2208 0.009 2 0.2534 0.0484

(logK)2 - - 0.0424 0.0032
(logL )2 - - -0.109 3 0.0047

logKlogL - - 0.07 04 0.0065
constant 6.27 58 0.109 1 12.4303 0.237 4

loglikelihood -1049 2.620 -9 883.67 6
* : signi…cantat1%

Table7 a: TechnicalE¢ciencyM odelA (19 9 8)
T I (A ) 19 9 8 Poland CzechR epublic B elgium O verall
average 0.6556 0.6254 0.69 35 0.67 22
median 0.6521 0.6262 0.69 83 0.67 46
min 0.359 1 0.1245 0.2182 0.1245
max 0.8319 0.8262 0.8463 0.8463

O bservations 7 35 1801 4532 7 068

Table7 b: TechnicalE¢ciencyM odelB (19 9 8)
T I (B ) 19 9 8 Poland CzechR epublic B elgium O verall
average 0.6505 0.59 58 0.67 59 0.6528
median 0.6481 0.6026 0.67 64 0.657 0
min 0.2422 0.0628 0.2167 0.0628
max 0.8 7 48 0.827 8 0.8581 0.8 7 48

O bservations 7 35 1801 4532 7 068
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Table8: M omentsofD istributionofT EforM odelA andB (19 9 8)
M oments Poland CzechR epublic B elgium

A B A B A B
mean 0.6556 0.6505 0.6254 0.59 58 0.69 35 0.67 58

variance 0.0020 0.0038 0.0040 0.0063 0.0026 0.0036
kurtosis 7 .3027 6.617 8 12.1067 8.647 9 5.39 83 4.5218
skewness -0.089 1 -0.49 17 -1.457 0 -1.3133 -0.6529 -0.3858

Table9 : ComparingTechnicalE¢ciencyoverT ime(19 9 5, 19 9 8)
M oments Poland CzechR epublic B elgium

A B A B A B
19 9 5 mean 0.59 37 0.617 9 8 0.5503 0.5433 0.6453 0.6445

variance 0.0039 0.0059 0.0058 0.009 5 0.0051 0.0054
19 9 8 mean 0.6556 0.6505 0.6254 0.59 58 0.69 35 0.67 58

variance 0.0020 0.0038 0.0040 0.0063 0.0026 0.0036

Table10: R esultsT E M odelC.1: O nlyConstantTerm (¹it=±0)

Year Statistic Poland CzechR ep. B elgium
O bs. 7 46 129 1 459 2

19 9 5 A verage 0.7 334 0.6668 0.7 47 3
M inimum 0.1057 0.0000 0.029 2
M aximum 1 0.8 7 83 0.8856

O bs. 7 28 1445 449 3
19 9 6 A verage 0.7 322 0.667 2 0.7 522

M inimum 0.1637 0.0002 0.2649
M aximum 1 0.8 7 35 0.8 9 13

O bs. 7 22 1640 4509
19 9 7 A verage 0.7 355 0.669 3 0.7 533

M inimum 0.38 7 7 0.0019 0.09 7 8
M aximum 0.8 7 67 0.8584 0.88 9 1

O bs. 7 35 1801 4532
19 9 8 A verage 0.7 316 0.6681 0.7 547

M inimum 0.1058 0.0019 0.1004
M aximum 1 0.8 7 67 0.8 9 28

O bs. 7 34 1531 4527
19 9 9 A verage 0.7 231 0.669 2 0.7 534

M inimum 0.1431 0.0134 0.09 4
M aximum 0.8827 0.8 7 05 0.8 9 37
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Table11: T heProductionFunctionCoe¢cientsofmodelC.2
D ependentVariable M odelC

logYi coe¢cient standarderror
logK -0.6115 0.0244
logL 0.29 34 0.0230

(logK)2 0.0412 0.0015
(logL )2 -0.1214 0.0021

logKlogL 0.07 65 0.0030
constant 12.32 0.107 6

loglikelihood -46808.9 32
* : signi…cantat1%

Tabel12: R esults TE M odelC.2: Y earD ummies(¹it=±0 +
P
±lDt)

Year Poland CzechR ep. B elgium O verall
T I O bs. T I O bs. T I O bs. T I O bs.

19 9 5 0.7 127 7 46 0.6400 129 1 0.7 29 5 459 2 0.7 100 6629
19 9 6 0.7 37 9 7 28 0.67 59 1445 0.7 581 449 3 0.7 380 6666
19 9 7 0.7 47 8 7 22 0.68 7 0 1640 0.7 649 4509 0.7 445 68 7 1
19 9 8 0.7 352 7 35 0.67 38 1801 0.7 584 4532 0.7 344 7 068
19 9 9 0.7 406 7 34 0.69 23 1531 0.7 684 4527 0.7 483 67 9 2

19 9 5-19 9 9 0.7 347 3665 0.67 50 7 7 08 0.7 557 22653 0.7 352 34026
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Table13: R esultsT E M odelC.3: SectoralD ummies (¹i;t=±0 +
P 37

j= 16±jSE C Ti;j+ &i;t)

Sector Poland CzechR ep. B elgium O verall
FoodProducts 0.7 265 0.67 43 0.7 37 2 0.7 216

TobaccoProducts 0.89 08 0.8 7 52 0.8 9 66* 0.8 9 30
Textiles 0.689 1 0.6457 0.7 27 6 0.7 07 6

W earingA pparel 0.7 47 5 0.667 8 0.7 510 0.7 37 5
L eather 0.7 9 9 8 0.7 829 0.8180 0.8001
W ood 0.67 47 0.57 9 0 069 50 0.67 22

Pulp& Paper 0.6684 0.6242 0.7 145 0.69 45
Publishing& Printing 0.7 383 0.67 35 0.7 580 0.7 47 5

Coke& Petroleum 0.69 48 0.6480 0.6480 0.6460
Chemicals 0.7 212 0.6631 0.7 613 0.7 383

R ubber& P lastic 0.7 062 0.6326 0.7 400 0.7 110
O therN on-M etallicM ineral 0.6081 0.5214 0.6580 0.6208

B asicM etals 0.7 09 5 0.67 9 3 0.7 428 0.7 17 3
FabricatedM etal 0.6838 0.59 00 0.69 15 0.67 01

M achineryEquipment 0.6566 0.6055 0.7 166 0.667 0
O ¢ce, M achinery& Computers 0.88 7 0 0.8 7 45 0.8 9 20 0.8880

ElectricalM achinery 0.67 52 0.6181 0.7 230 0.6806
RT v& Communication 0.67 00 0.6564 0.7 518 0.7 066

M edical 0.5666 0.4841 0.6020 0.5628
M otorVehicles 0.7 281 0.6556 0.7 49 2 0.7 181

O therTransportEquipment 0.668 7 0.5561 0.6884 0.639 4
Furniture 0.7 262 0.6538 0.7 39 3 0.7 235
R ecycling 0.8603 0.8145 0.8618 0.8608
A verage 0.69 7 8 0.6249 0.7 248 0.69 9 3

* : TobaccoP roducts (16) sets thebenchmark(TE= 1)

Table15: Kruskal-W allis TestforD istributionofT EbetweenCountries(19 9 5)
D istributionsofT E... Subsectors(N A CE2-digitlevel)

di¤ersignifcantly 17 , 20, 21, 22, 24, 25,
26, 27 , 28, 29 , 31, 34, 35

donotdi¤ersignifcantly 19 , 23, 30, 31, 33, 37
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Table14: SubsectoralTechnicalE¢ciencyM odelD , E
Subsector Poland CzechR ep. B elgium O verall

19 9 5 19 9 8 19 9 5 19 9 8 19 9 5 19 9 8 19 9 5 19 9 8
17 0.6089 - 0.5316 - 0.6383 - 0.6163 -
19 * 0.49 9 8 0.2434 0.3444 0.2227 0.5238 0.539 3 0.4549 0.347 9
20 0.6336 0.58 9 1 0.49 05 0.389 3 0.6480 0.6246 0.6241 0.5696
21 0.529 1 0.5441 0.359 7 0.4053 0.589 6 0.6169 0.547 4 0.57 01
22 0.6808 0.609 3 0.607 1 0.49 9 4 0.7 182 0.69 9 9 0.7 060 0.6682
23* 0.6655 0.59 66 0.158 7 0.37 42 0.39 13 0.5123 0.4325 0.5139
24 0.6365 0.5816 0.57 63 0.4856 0.6826 0.6647 0.659 9 0.6182
25 0.5826 - 0.389 2 - 0.6445 - 0.49 18 -
26 0.6384 - 0.5427 - 0.6636 - 0.6358 -
27 0.5861 0.6586 0.5338 0.6240 0.6321 0.7 161 0.59 51 0.67 53
28 0.6688 0.659 3 0.5382 0.5334 0.7 059 0.6831 0.67 86 0.6445
29 0.59 7 2 - 0.549 0 - 0.6432 - 0.6068 -
30* 0.59 9 6 0.557 6 0.2408 0.09 9 2 0.5063 0.5426 0.49 06 0.47 9 8
31 0.49 65 0.5827 0.4502 0.5069 0.6039 0.6589 0.5423 0.59 12
33* 0.557 4 - N O - 0.7 237 - 0.6165 -
34 0.49 33 0.6130 0.2847 0.5038 0.5069 0.6564 0.4446 0.6014
35 0.1856 0.67 04 0.1301 0.58 7 2 0.3207 0.7 08 7 0.2329 0.6559
37 0.5120 - N O - 0.57 29 - 0.569 2 -

(* ) O bservations less than 50, - : O L S is betterornoT I e¤ects, N O : noobservations, See A ppendix3 forN A CE classi…cation.



Table16a: R esultsoftheSimplePA -M odel
Poland CzechR epublic

¸ 0.1020 0.0305
StandardError 0.009 3 0.0044

R 2 0.0417 0.0128

Table16b: R esultsoftheExtendedPA -model
¸1 ¸2 ¸3 ¸4 R 2

Poland 0.1863 0.18 9 8 0.07 8 8 0.08 9 0 0.09 9 6
(0 :0 1 93) (0 :0 20 3) (0 :0 21 0 ) (0 :0 1 96)

CzechR epublic 0.109 1 0.0680 0.0428 0.0268 0.048 7
(0 :0 1 24) (0 :0 1 31 ) (0 :0 1 30 ) (0 :0 1 263)

standarderrorsareinparantheses

Table17 : A verageT FP D ecomposition
Country TFP4 T4 T E4 scale
Poland 9 .66 7 .68 0.9 2 1.03

100 7 9 .49 9 .48 10.7 0
CzechR ep. 10.15 8.58 1.07 0.46

100 84.60 10.56 4.58
B elgium 10.7 9 6.20 3.9 4 0.64

100 57 .49 36.51 5.9 5
A veragedover19 9 6-19 9 9 , shares in italic

Table18: A verage-, M aximum- andM inimumElasticityofScale
Country 19 9 5 19 9 6 19 9 7 19 9 8 19 9 9

average 0.7 833 0.7 845 0.7 851 0.7 839 0.7 824
Poland max 0.9 264 0.9 257 0.9 331 0.9 49 0 0.9 457

min 0.509 1 0.49 9 5 0.5054 0.4511 0.519 7
average 0.7 7 34 0.7 681 0.7 651 0.7 610 0.7 619

CzechR ep. max 0.9 7 50 0.9 7 31 0.9 7 18 0.9 534 0.9 517
min 0.5067 0.388 7 0.4105 0.4600 0.388 7

average 0.8355 0.8365 0.8340 0.8309 0.8286
B elgium max 1.1068 1.1021 1.043 1.09 7 6 1.1054

min 0.5601 0.5459 0.5300 0.5355 0.517 1
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Figure1: D istributionofT Epercountryin19 9 5
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Figure2: D istributionofT Epercountryin19 9 8
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