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A bstract
W e studythedeterminants ofthegenderwagedi¤erentialbyusing

adatasetonFinnishblue-collarmetalworkers. T heassignmentofmen
andwomen intojobs ofdi¤erentcomplexity is akeyfactorthatwidens
the…nalwagedi¤erential. U singthetheoryofoptimaljob assignment,
weproposeamodelofindividualproductivity, abilityandjobcomplexity
andformulateahypothesisofasymmetricassignmentaccordingtowhich
menandwomenofequalabilityareallocatedtodi¤erentjoblevels. U sing
econometricpaneldatatechniques, we…nd supportforthis hypothesis.
T heresultsareconsistentwiththeL azear-R osenmodelofjobladdersbut
canalternativelybeinterpretedas evidenceforgenderdiscrimination in
jobassignment. JEL J31, J50, J7 1.

1 Introduction
T hegenderwagedi¤erentialis an importantissue. Itis oftensuspectedthat
women’s lowearnings re‡ectdi¤erentiatedtreatmentofthetwosexes in the
labourmarket. Firstly, theremaybewagediscrimination: womenearnlower
wages evenwhentheirproductivity-relatedattributes aswellasthoseoftheir
tasksdonotdi¤erfrom thoseofmen. Secondly, eventheproductivity-related
attributes maydi¤erinways thattomanydonotseem warrantedbypurely
economic considerations: women’s careerpro…les and job assignments di¤er
from thoseofmenandwomentendtobeconcentratedin…rmsandindustries
thatarelessgenerouswage-payersthanmale-dominatedones.
¤SomeoftheresultsofthispaperwerepresentedattheA ppliedEconometrics A ssociation

Conference on G enderand the L abourM arket, P erpignan, A pril2-3, 19 9 8. T he authoris
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and Johnny Z etterbergforusefulsuggestions and comments. A ila M ustonen has provided
excellentresearchassistance.
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It is notoriously di¢culttoassess towhatextentwage di¤erentials and
di¤erentjob andemployerattributes re‡ectdiscriminatingtreatment. A s to
outrightwagediscrimination, itis(ingeneral) impossibletomeasureindividual
productivityindependentlyofwagesandthustocomparewagesandproductiv-
itydirectly. Secondly, wagesarea¤ectedbysomanyinterveningfactorsthatit
ishardtoobtainaconclusivestatisticalproofofwagediscrimination. L astly, to
knowwhetherwomenwouldbequali…edtoearnhigherwagesinmoredemand-
ingjobsandmale-dominated…rmsandindustrieswouldrequirecounterfactual
observationsofwomen’sperformanceinpositionsinwhichthereareatpresent
fewwomen1. Ingeneral, empiricalanalysesofthewagedi¤erentialhavetended
toshowthatthedi¤erentialbecomesverysmallandcanevenvanish ifwages
areconditionedonalargesetofvariables, includingnarrowlyde…nedoccupa-
tionaldummies. T hishastendedtoshiftthemainfocusofattentionintogender
di¤erences incareersandjobassignment.

T hispapershedsnewlightontheseissuesbyanalyzingthewagesofFinnish
metalworkers. Thenovelfeatureoftheanalysis is athoroughexploitationof
observationsonthecomplexitylevelofindividualjobs. T hemetalworkers’col-
lectiveagreementnamelypresupposes afairlythoroughevaluationofjob at-
tributes, theresultofwhich is anobservationonthecomplexitylevelofeach
job.

W e…rstusean O axacadecomposition toshowthatjob assignmentis an
importantdeterminantofthewagedi¤erential. O naverage, menareallocated
tomoredemandingjobs thanwomen, andthis factorcanexplainmorethan
halfofthegross wagedi¤erential. Itis thennaturaltoaskwhethertheas-
signmentprocess treatsmenandwomenasymmetrically. Borrowingfrom the
literatureonoptimalassignment(seeSattinger19 9 3), wesuggestamodelof
ability, jobcomplexityandearningswhichpermits anoperationalformulation
ofthis asymmetryhypothesis. T hehypothesis is tested byusingpaneldata
techniques proposedbyH ausmanandTaylor(19 81). T heresults suggestthat
thejobassignmentprocess indeedtreatsmenandwomendi¤erently. H owever,
discriminationinjobassignmentandcareers is nottheonlypossibleinterpre-
tationoftheresults. T heobserved patterncanalsobeaccommodatedwith
modelsbasedonindividualoptimizationlikethatofL azearandR osen(19 9 0).

2 Themetalandengineeringindustry’s collec-
tiveagreement

T hewagesofFinnishblue-collarmetalworkersarelegallybasedontheindus-
try’scollectiveagreement(henceforthCA )thatwasgraduallyintroducedinthe
late19 80s2. T hatagreementencompassespracticallyalloftheindustry’s…rms

1 A s H eckmanandSedlacek(19 8 5) pointout, thestudyofcomparativeadvantageismade
di¢cultbytheveryprincipleofcomparativeadvantage itself.

2T his is the so-called P A R A KE-agreement, the aim ofwhich is to relate relative wage
di¤erentialstoindividualandjob-speci…cattributes. Itcoversallworkerswhosepayisde…ned
perhour. Salariedemployeeshaveseparatearrangements.
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andworkers. A ccordingtotheCA , therelativewagesofmetalworkersaredeter-
minedbyjob complexity, personalachievementandeventual…rm-speci…cand
individual-speci…carrangements, as follows:

1) A lloccupationswithineach…rm havebeenevaluatedaccordingtotheir
complexity. T hecriteriaforevaluationincludethetimerequiredtolearntodo
thejobaswelltheresponsibilityandstrainthatis imposedontheworker. A ll
occupations within an industryaretherebymapped intoascaleofdi¢culty.
T he evaluation ofoccupations is carried outbyaspecialexpertgroup that
assesses jobattributes3. T hecollectiveagreementinturnincludesatabulated
tari¤ wageforeachlevelofcomplexity. O nceaworkerhasbeenassignedtoan
occupationwithinthe…rm, thetari¤ wageofthecorrespondingcomplexityclass
becomesthestartingpointinthedeterminationofhiswage. T histari¤ wageis
calledhisoccupation-relatedwage. T heoccupation-relatedwageisbasedonjob
attributesaloneis notsupposedtochangewhentheperson…llingthejob slot
changes.

Inthispaper, wetreattheoccupation-relatedwageasacontinuousobserva-
tiononjobcomplexity, bearinginmindthatthevariableismeasuredinwage
space. T his choicedi¤ers from otheranalyses, sincethejob levelinformation
is mostoftentreatedas aclassifyingdummyvariable. Inourdata, about65
to7 0 di¤erentcomplexitylevels appearinthedatainatypicalyear. T his is
notas muchas onemighthope, butperhaps enoughtowarrantananalysis
incontinuous space, inparticularbecausetheanalysis reported inthis paper
wouldbecumbersomeanddi¢culttocarryoutwithalargesetofoccupational
dummies.

2) Inaddition, thecollectiveagreementstipulatesthataworker’s personal
achievementin thetaskbere‡ected inhis pay. T heworker’s performance is
evaluated byasuperiorwhoassigns theworkerapersonalbonus of2 to17
percentontopoftheoccupation-relatedwage. T heCA requiresthatthedistri-
butionofpersonalbonuseswithineachwagegroup withineach…rm obeysthe
normaldistribution. T hewagegroup isderivedsimplyfrom acoarsepartition
ofthejobcomplexityaxisintothreesubsets. T hemostcomplexjobsarecarried
outinwagegroup 1, theintermediatetasks ingroup 2 andthesimpletasks in
group3. T hepointofthisconditioningonthewagegroupandtherequirement
ofanormaldistributionwithinagroup is toavoidapsychologicallyplausible
outcomeinwhichthehighestbonuseswouldtendtoaccruetothemostskilled
workerswhoanywayarelocatedatthehighendofthetaskcomplexityaxis.
T hus, the ideaofthe bonus is toevaluatethequalityoftheworker’s input
conditionaljobcomplexity.

T hebonus-increasedwageiscalledaperson’sbasicwage. T hebasicwageis
theperson’sfundamentalreferencewage. Itisalsotheminimumwagethathe
canclaim intimework.

3) T heactualwageoutcome isuptothe…rm’swagepolicyandanyidiosyn-
craticbargainsthatthe…rmandtheworkerconduct. T heemployerisboundby

3T hus, theevaluationofjobcomplexityis inprincipleseenasagenuineobservationonthe
complexityofthejob andnotas afreeinstrumentin thehands ofthemanagement.
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theminimum requirementsetbythebasicwage, butnothingpreventstheem-
ployerfrompayingmore. T hus, actualpaydependsonthemethodsofpayment
andthewagepolicychosenbythe…rm. H owever, itisthespiritoftheCA that
…nalrelativewages shouldre‡ecttherelativedi¤erentialsoftheworkers’basic
wages. Indeed, itis thecasethatrelativedi¤erentials inbasicwagestoahigh
extentdeterminerelativedi¤erentialsinactualwagesandthatbasicwagesalso
constituteasetofbindingminimum wages – conditionedonjobcomplexity–
intheindustry4.

T hemethodsofpaymentfallintotwocategories: timepayandperformance
pay. T helattercategoryis furthersubdivided intotwo: piecerates and”pre-
mium” rates. P remium payis amixtureoftimeandpiece, sothatthereis a
…xedhourrateontop ofwhich comes remunerationaccordingtonumberof
unitsproduced. M anyworkers sharetheirworkinghoursbetweentwoorthree
payschemes. T he…nalmeanwageperhourcanbecomputedas aweighted
averageofpayperhourwithineachofthethreepayschemes. Inthisstudy, we
paymostattentiontotimewages, sincemostworkershavetimehourswhereas
pieceandpremium payareless prevalent. Furthermore, regressions ofwages
earnedwithinthedi¤erentpayschemessuggestthatlinearmodelsthatbestde-
scribeearningsdi¤eracrossschemes, sothatdi¤erentpayformsarebesttreated
separately.

3 TheD ata
T hedatawerecollectedbysystematicsamplingfrom theFinnishEmployers
A ssociation’s wagerecords. N otwithstandingerrors in therecordingprocess,
theserecordsarecompletelycomprehensive: theycontainthequarterlyobser-
vationsofallwagevariablesofallworkerswithinallmember…rms(practically
all…rms) inthemetalandengineeringindustry. T he19 9 0 datawas ordered
by…rmandwithineach…rmtheworkerswereorderedaccordingtotheirmean
pay. A subsetofworkerswasthensampledfromthissetofworkers, bypicking
each15thworkeroftheset. B yusingpersonalcodes toidentifyeachworker,
the samplewas then continued toyears 19 9 1 through 19 9 5 and backwards,
toyears 19 8 9 through19 80. Foreachyear, attritionwas compensatedforby
addingnewobservations5. Inthispaper, however, weonlyusethepanelofthe
years19 9 0 through19 9 5, sinceitisfortheseyearsonlythatthejobcomplexity
variable is available. A s inmostcountries, themetalindustry’s labourforce
is predominantlymale, sothatwomenamounttoabout25% ofitinatypical

4Forexample, across section reduction ofvariance (carried outbytheauthor) indicates
thatabout7 0 percentofthevariationinaveragehourpayis explainedbythejobcomplexity
variable, ageandgendervariablesandthecompositionofpayschemes (sharesofperformance
payandtimepay) variables. A dding…rm meansraisestheadjustedR -squaretoabout80 per
cent.

5T his supplementingwas carriedoutinthefollowingway. Foryear19 9 1, say, theworker
populationwaspartitionedinto”newcomers” and”old” accordingtowhetherthatyearis the
…rstonewhentheworkerin questionappears in the industry’s records. T he supplementary
workers ofthepanelwerethen sampledfrom amongthenewcomers.
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year.
Fromthe5182 sampledworkersofyear19 9 0, abouthalf(2517 )wereobserved

inallthesubsequentyearsfrom 19 9 1 through19 9 5. O fthese2517 individuals,
1396performedtimeworkineachofthesesixyears, andmostofouranalyses
focusesonthatsubsampleofthedata.

A stothevariables, theyincludethefollowing:

²A geandsexofworker;

²M oneyearnedandtimeworkedwithinallpayschemes (timework, piece
work, premiumwork);

²T helevelofjobcomplexityandthepersonalbonusoftheworker;

²A nemployercodethatpartitionsthesetofworkersintosubsetsaccording
toemployeridentity;

²A nareacodethatpartitionsthecountryintwoclasses(densemetropoli-
tanvs. sparselypopulatedarea).

Byusingtheinformationofthesample, othervariablescanbeformed. W e
haveusedvariablessuchas

²”Totalexperience” = Totalnumberofyearsinwhichtheworkersappears
in the data in years 19 80 through 19 9 5. T his can be interpreted as a
crudemeasureofhowprofessionallytheindividualisengagedinthemetal
industry. Inapanelestimation, itis invariantandcontains information
onfutureyears ifusedwith19 80-19 9 4data;

²Shareofperformanceworkhours(piecepluspremiumhours)intotalhours
oftheworker;

²Indicatorvariablesforworkerwhoiseithernewinhis…rmorisjustgoing
toleavethe…rm.

4 Thewagedi¤erential
T his sectionpresentsthestylizedfactsofthegenderwagedi¤erential. Figure
1 depicts twovariables: theratiooffemaleearnings perhourintimeworkto
malehourearnings;andtheratiooffemaleaverageearningsperhourtomale
earnings. B othratios stayaround 82 percent, approximately. T hus, women
earnaboutfour…fthsofmaleearnings.

N ext, wereportanO axacadecompositionofthelogwagedi¤erential, using
thedataforyear19 9 0 asanexample6. T hedecomposedvariableis thelogof
theaveragewageperhourearnedintimework, computedoverallworkerswho
carriedouttimeworkinyear19 9 0. W eusethemalewagestructure(i.e. the

6See the papers by O axaca(19 7 3) and O axacaand R ansom (19 9 4) forthe basic ideaof
thedecomposition.
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Figure1: R atiooffemaletomaleearningsperhour, measuredbytime
wages andmean hourearnings, forFinnishmetalworkers in years
19 80-19 9 5.
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Constant A ge Total Job Total
experience complexity

¯m 0,481 0,011 0,004 0,857
¯f 0,47 3 0,004 0,005 0,8 7 9
X m 1,000 37 ,320 9 ,340 3,556
X f 1,000 40,130 8,420 3,411
¯m(X m¡X f) 0,000 -0,005 0,003 0,124 0,123
% 0,000 -2,550 1,59 0 61,110 60,150
X f(̄ m¡¯f) 0,009 0,159 -0,009 -0,07 7 0,081
% 4,17 0 7 7 ,9 7 0 -4,620 -37 ,680 39 ,850
S U M 0,009 0,153 -0,006 0,048 0,204
% 4,17 0 7 5,420 -3,020 23,430 100,000

Table1: O axacadecompositionoftimewagesfor19 9 0 data. T hee¤ectofage
squaredis incorporatedintotheagecontributionentries.

coe¢cientsofthelinearmodelestimatedfromthemalesubsample)astherefer-
encestructure. T his isnotanuncontroversialchoice, butisperhapswarranted
bythefactthatmaleworkersconstituteaboutthreequartersoftheindustry’s
workforce7 . T hemainpointofthis exercise is toshowthatthedi¤erence in
averagejobcomplexityisoneofthemainfactorsthatcontributestotheoverall
wagedi¤erential. Table1 reportstheresultsofthisdecompositioninwhichwe
haveusedage(plusagesquared), totalexperienceandlogofjobcomplexityas
explanatoryfactors. T he…rsttworowsdisplaythecoe¢cients, ¯m formenand
¯f forwomen, ofeachvariableinalinearmodelestimatedforthe19 9 0 cross-
section. T henexttworows, X m and X f, displaythemeans ofthevariables
forthemaleandfemalesubsample, respectively. T henextrow, ¯m(X m¡X f)
showsthecontribution, totheoverallwagedi¤erential, ofthedi¤erenceinmale
andfemaleaverageofthevariableinquestion. T henextrowdisplays therel-
ativeshareofthatcontributionwithintheoverallwagedi¤erential. T herow
X f(̄ m¡¯f)inturndisplays thecontributionofdi¤erentialtreatmentasso-
ciatedwitheachvariableandthenextrowinturnshowstherelativeshareof
thatcontribution. T helastrowsums both factors foreachvariablewhereas
thelastcolumn sums, overallvariables, thecontributions ofdi¤erentmeans
andthoseofdi¤erentialtreatment. T hus, thelastentryoftheSU M rowisthe
overallwagedi¤erentialof20.4percent. A negativeentryinacellmeansthat
thecontributioninquestiondiminishesthewagedi¤erential.

W eseethatageandjobcomplexityaretheimportantfactorsthatcontribute
tothewagedi¤erential. T hedi¤erenceinaveragejobcomplexityaccounts for
61 percentofthetotalwagedi¤erentialof20 percent. Yetthereisanintriguing
pattern: thecoe¢cientofcomplexityishigherforwomen, andthisgeneratesa
negativecontributiontothewagedi¤erential. T hedi¤erentialtreatmentofage

7 See O axaca and R ansom (19 9 4) and N eumark (19 8 8 ) forathorough discussion on the
choiceofthereferencestructure.
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Figure2: Empiricaldensityfunctionofjob complexityformaleand
femaleworkers, 19 9 0 data.

canexplainalmostfour…fthsoftheoveralldi¤erential.
T hus, broadly, womenare inless complexjobs, althoughbeingin amore

complexjob bringsgreaterrewards towomenthanformen. M oreover, men’s
wages increasewithage, incontrasttowomen’s. W eemphasizethattheabove
decompositionispresentedasacrudeempiricalcharacterizationthatmotivates
thesubsequentsections. B yitself, itwouldwarrantamorecarefulanalysis of
theroleofthedi¤erentvariables. Inparticular, interpretingthecoe¢cientsand
contributionsofavariablelikejobcomplexityishazardous, sincethatvariable
isextremelylikelytobestronglyendogenous8 .

W hateverthebestdecomposition, thedi¤erentialinaveragejobcomplexity
clearly is an importantfactorthatincreases thewagedi¤erential. Figure 2
depicts theempiricaldensityfunctionofjob complexityformenandwomen.
A swesee, womentendtobeconcentratedinoccupationsdeemedlessvaluable
andlessdemandingthanthoseof men.

8 In his originalpaper(O axaca19 7 3), O axacadiscusses theuseofoccupationalvariables
in the decomposition and points outthatconditioningon occupation e¤ ectively eliminates
onepotentialsourceofdiscrimination. A moresatisfactorydecompositionwouldrequiremore
information on individualability. T hen the role ofcomplexity as an intermediate variable
couldbeclari…ed, aswellas theroleof…rm selectione¤ects.
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5 A theoreticalmodelofability, complexityand
productivity

T heresults oftheprevious section suggestthatitis importanttostudythe
processofjobassignmentinordertoevaluatethefairnessofwomen’spay. T his
raises theobviousquestion: could itbethecasethatawoman’s expectedjob
complexitylevel, conditionalonherproductiveabilities, is lowerthanthatof
hermalecolleagues?W ecallthis theasymmetricassignmenthypothesis. T he
restofthepaperis devotedtoatheoreticalformulationas wellas statistical
testsofthishypothesis.

A s thereisnodirectobservationofproductiveability, andtheoccupation-
relatedwageisstronglycorrelatedwiththeactualwage, thereisnodirectway
totesttheasymmetryhypothesis. H owever, plausibleeconomicmodelspredict
thatthemarginalrelationshipbetweenjobcomplexityandproductivitymaybe
informativeonjobassignment. T his sectionborrows from thetheoreticaland
empiricalliteratureonwages, job complexityand job assignmentandargues
thattheelasticityofanindividual’swagewithrespecttothecomplexitylevel
canrevealsomethingontherelationshipbetweenhisabilityandthecomplexity
ofhis job9 . B yandlarge, straightforwardempiricalapplicationsofassignment
modelshavebeenrelativelyfew, sincethetheoryoperateswithvariableslikejob
characteristics andworkerabilitythatarerarelydirectlyobservable. Studies
by van O phem & al. (19 9 3) and Teulings (19 9 5) are importantexceptions.
T hestudybyvan O phem & al. inparticularelaborates ideas similartothis
paper, especiallythenotionofaconcaverelationship betweenjob complexity
andproductivityforanindividualofgivenability.

Tobeginwith, notethattheR icardianmodelofdi¤erentialrents andjob
assignment, as elaboratedby M ichaelSattinger(19 7 9 ), implies thatearnings
areaconcavefunctionofjobcomplexityforanygivenindividualattheneigh-
bourhoodoftheoptimum assignmentpoint. T hedi¤erentialrentsmodelpre-
supposesthatoutputy isafunctiony=f(c;a)ofthejoblevelcandindividual
abilitya(assumethroughoutthis sectionthatthepriceoftheproductis nor-
malizedtounity). Itisgenerallyassumedthatthereiscomparativeadvantage,
sothat, inequilibrium, thereis apositiverelationship betweenworkerability
andmachinecomplexity. Comparativeadvantageentailsthatthefunctionf is
notmultiplicativelyseparableintofactorfunctionsofcanda, respectively10.

Intheassignmentliterature, thecomplexityofthejob is traditionallyre-
ferredtoasthe”size” ofthemachinethattheworkeroperates. W ewillusethe
terms ”sophisticationand”complexity” as equivalentconcepts. Supposethat

9 M ichaelSattinger(19 9 3) providesananalyticsurveyofthisliterature: amongthepioneer-
ingpapers arethoseofT inbergen (19 51), R oy(19 51) and Sattinger(19 7 5). O neconclusion
ofthis literatureis thatthereis noreasontoexpectarobuststatisticalrelationship between
workercharacteristics andearnings, sincethedistributionofearnings is mediatedbytheas-
signmentofworkersintodi¤erentjobs. T hepapershavealsoinvestigatedtheconditionsunder
whichthedistributionofearnings is ofadi¤ erentshapethanthedistributionofabilities.

10SeeSattinger(19 7 5). A s pointedoutbyTeulings (19 9 5), thefunctionf(c;a) isconsistent
withcomparativeadvantageprovidedthecondition facf ¸ fafcholds.
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each…rm ownsonemachineandemploysoneworker. Equilibrium assignment
canbecharacterizedintwoequivalentways: either…rmschoosetheappropriate
abilityaoftheirworkertomaximizepro…tsf(c;a)¡w, takingasgivenawage
schedulew=w(a)accordingtowhichthewageis afunctionofability;orthe
workers maximizetheirearnings, f(c;a)¡r takingas givenamachinerent
scheduleaccordingtowhichthecostofoperatingamachine is an increasing
functionr=r(c)ofthesizeofthemachine. Sattinger(19 7 9 ) showsthat, pro-
videdtherearenodiscontinuitiesinthedistributionsofmachinecomplexityand
workerabilityandthatthecrossderivativefca ispositiveeverywhere, thereis
anequilibriumassignmentinwhichbothofthenecessary…rstorderconditions
aremetandthewageandrentfunctionsarebothincreasing. Furthermore, the
secondorderconditionfortheworker’s maximizationproblem ismet11. T his
implies that, aroundequilibrium, earnings areaconcavefunctionofmachine
complexityforanygiven individual. T he immediateconclusionofthemodel
isthatthemarginale¤ectofincreasingcomplexityishigherthanaverage(i.e.
positive)foranyworkerwhosecomplexity-abilityratiointhecurrentoccupation
isbelowaverage.

Suchamodel, however, implies thatthee¤ect, onearnings, ofchanges in
complexitymustalwaysbezeroiftheeconomyoperatesnearitsoptimum. T his
isundulyrestrictiveandwewouldpreferarichermodelthatcanaccommodate
apositiverelationship between complexity changes and changes in earnings.
O newaytodothis is toincorporateworkerpreferences intothemodel. Sup-
poseas abovethatoutputis afunctionf(c;a)ofcomplexity(ofthemachine
operated bythe individual) and ability, with fac > 0 12, and thatthere is a
costofcapital(rent) r=r(c)associatedwiththemachine. Forsimplicity, as-
sumethatthis function is linear, sothatr(c)= rc. Furthermoreletusmake
theassumptionthatoperatingcomplexmachines isastressfulactivityforthe
worker. T hus, increasingmachinecomplexitycdecreasesthewell-beingofthe

11Sattinger’s argumentis as follows. O ne starts by assumingtentatively thatthere is an
equlibrium assignmentaccordingtowhich more sophisticatedmachines are associated with
individualsofhigherability, sothatabilitya, inequilibrium, is an increasingfunctiona(c)of
machinecomplexity(throughout, oneassumes comparativeadvantageforableindividuals in
complextasks). From thepointofviewoftheindividualworkerwithabilitya¤, maximization
ofearnings f(c;a¤)¡ r(c)withrespecttocleads tothe…rstordercondition @f(a¤;c)

@c = r0(c).

T hus, thederivativeoftherentfunction r(c) is r0(c) =
h
@f(a¤;c)

@c

i
a¤= a(c)

, thederivativeof

theproductionfunctionwithrespecttocomplexity, evaluatedatthevalueofa corresponding
tocin equilibrium. D i¤ erentiationofthelastexpressionwithrespecttocyields

r00(c) =
·
@2 f(a¤;c)

@c2

¸

a¤= a(c)
+

·
@2 f(a¤;c)
@a¤@c

¸

a¤= a(c)

d a¤

d c
:

Supposenowthatthesecondorderconditionfortheindividualmaximizationproblemabove
werenotmet, i.e. @2f(a¤;c)

@c2 ¡r00(c)¸ 0:A ssumingthat@2f(a¤;c)
@a@c isalwayspositive, theprevi-

ousformulawouldthenimplythat@a¤=@cisnegative, contradictingthetentativeassumption.
T hus, thereis aconsistentequilibrium assignmentinwhichmorecomplexmachinesareasso-
ciatedwithhigherabilityandeach individualoptimizes his job leveltomaximizeearnings.

12W emaketheusualassumptionsaboutf: fc> 0 , fa > 0 , fcc< 0 , faa < 0 .
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worker, buttheamountofdisutilityassociatedwitheachunitofcomplexityis
afunctionofthe individual’s ability: forgiftedworkers, itis less stressfulto
operateasophisticatedmachinethanforlessgiftedworkers. Supposethatthe
disutility, measuredinpecuniaryterms, associatedwithaunitofcomplexityis
anincreasingfunctionG(c=a)oftheratioofcomplexitytoability. T hedisutility
associatedwithworkingwithamachineofcomplexitycis thencG(c=a). T he
workermaximizes thesum ofhiswageearnings R (c;a)= f(c;a)¡rcless the
disutilitytermcG(c=a). Consequently, theworkerchoosesctomaximizeutility

U =f(c;a)¡rc¡cG(c=a): (1)

A ssumethatthefunctionf(c;a)islinearhomogeneous. T his isperhapsnot
alargeloss ingenerality, sinceweanyhowhavenoobservationsonandthusno
scaleforability. T he…rstorderconditionis

fc(c=a)=r+ G(c=a)+ (c=a)G0(c=a); (2)

sothatoptimalcomplexity is amultipleofability(multiplethatdepends on
themachinerentfactorr):

c=a=Á(r)=Á: (3)

Suchamodelentails, interalia, thatearningsarealinearfunctionofcom-
plexity, whenmeasuredovertheworkerpopulation13.

Supposenowthat, forwhateverreason, somesubsetofworkers(likewomen)
operatesbelowtheoptimalc=a-ratio, and, furthermore, thattheability-complexity
di¤erentialis proportionally constant. Forexample, wemightassume that
women’sabilityis perceivedtobelowerthantheirtrueability, eitherbecause
ofprejudicedsuperiorsorbecauseofwomen’sundulylowself-esteem. T hus, we
assumethatperceivedabilityc¤isc¤=(1¡±)c. T herefore, if(3)holdsformen,

c=(1 ¡±)Áa; 0 < ± < 1; (4)

holdsforwomen14.
Supposealsothatjob complexity is subjecttoshocks. T his is aplausible

assumption: asthe…rmhastomeetthewishesofitsdi¤erentcustomers, itmust
continuouslyadjusttheexactcompositionofitsproductionline. Furthermore,
someworkerswillbeabsentsomeofthedaysandotherworkersmustcarryout
thetasksleftbytheabsentees. W orkersthereforejumparoundtheiroptimum

13Sincef is neoclassical, earnings are f(c;a)¡ rc= c[f(1;1=Á)¡ r]and thecross section
elasticityofearningswithrespecttojob complexityis unity.

14A n alternative assumption would be thatthe stress function cG (c=a) is more steeply
increasingforwomen. T hiswouldalsoleadtolowerc=a-ratioforwomen, althoughingeneral
nottoaconstantproportionaldisadvantage, becauseoftheform oftheutilityfunction(1).
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c=a-ratio. Finally, theworkers ofoursubsamplewhoallstayintheindustry,
probablyadvancegraduallyatleastslowlytowards moredemandingjobs, on
theaverage15. Consequently, workers shiftbetweendi¤erentcomplexitylevels,
althoughsuchvariationisprobablyoflowmagnitudecomparedtothevariation
ofjobcomplexitybetweenindividuals. Consider²R c, theelasticityofearnings
withrespecttojobcomplexity, evaluatedforaworkerofgivenabilitywhoisat
hisequilibrium point. Foranindividualmaleworkerwithgivenabilitya,

²R c;man=
·

c
R (c;a)

@R (c;a)
@c

¸

agiven;c= Áa
=

cfc(Á)¡rc
f(c;c=Á)¡rc

=
fc(Á)¡r

f(1 ;1 =Á)¡r
;

(5)

whereas, forawomanoperatingatc= (1 ¡±)Áa,

²R c;woman=
·

c
R (c;a)

@R (c;a)
@c

¸

agiven;c= (1¡±)Áa
(6)

=
cfc(Á(1 ¡±))¡rc
f(c;c=Á(1 ¡±))¡rc

=
fc(Á(1 ¡±))¡r

f(1 ;1 =Á(1 ¡±))¡r

sothat²R c;woman > ²R c;manholdsbecauseoftheneoclassicalassumptionsabout
f thatwehavemade(fc(c=a)is adecreasingfunction). N otethatsincef is
neoclassical, cfc< f andtheformulaafterthesecondequalitysignin(5)implies
that²R c;man isbelowunity. T hus, iftheabovemodelisanadequatedescription
ofproductionconditions, wehaveawell-de…nedpredictionassociatedwiththe
hypothesis ofasymmetricassignment: theelasticityofwomen’s earningswith
respecttojobcomplexityshouldexceedthatofmen, foreachindividual16.

6 Statisticalspeci…cation
O nthebasisoftheprevioussection, weproposethattheasymmetricassignment
hypothesis betestedbycomparingthecoe¢cients ofjob complexityformen
andwomeninanearningsequation. Iftheasymmetricassignmenthypothesis
is correct, themarginale¤ectofjob complexityonearnings shouldbehigher
forwomenthanformen. Figure3 illustrates this: ifearningsareaconcave
functionofjobcomplexityandwomenoperatebelowthec/a-ratioofmen, the
slopeoftheearningsfunction(foreachindividual) shouldexceedthatofmen.
InFigure3, wehavedrawntheconcaveearningsfunctionplussome…ctivedata
pointsforcomplexityandearningsforthreeindividuals(or, equivalently, groups

15Seethenextsectiononthestationarizationofthedata.
16A sanexampleofthismodel, assumethatoutputis justamultipleofmachinesizec, mul-

tipliedbyafactorthatindicatedhowwelltheskilloftheworkermatchesthesophisticationof
themachine: f = c(1+ loga

c). SupposetheworkerstressfunctionisG (c=a)= µlog(c=a);where

µ is aparameter. T heoptimala=c-ratiois then e
r+ µ
1 + µ , andtheelasticityofearningswithre-

specttocomplexityforamaleindividualbecomes ²R c;m en =
µ(1¡r)

µ(2¡r)+ 1 , whichisbelowunity.
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OLS regression curves
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complexity, given ability.

Figure3: True(asconjectured)andobservedpatternofjobcomplexity
andearnings.

ofindividuals), onewithlowability, onewithintermediateabilityandonewith
highability. W omen…ndthemselvesonasteeperpartoftheirearnings curve
thanmen.

T hesame…gurealsosuggestswhyasimpleO L S regressiononacrosssection
cannotdeliverareliableestimateoftheindividualslopecoe¢cient, sincejob
complexityiscorrelatedwithindividualability. T heO L S regressioncoe¢cient
willthenonlyre‡ectthe steepness oftheearnings schedule, as afunctionof
complexity, whenworkers’abilitieschangeinpacewithmachinecomplexity.

T heendogeneityproblemcanbetackledwithinstrumentalvariablemethods,
and exploitingboth thetimeand thecross section dimension ofthepresent
datamakesestimationmoree¢cient. T hus, wewillbeworkingwithafamiliar
random e¤ectsmodel

wit=X it̄ + Z i° + ®i + ´it (7 )

inwhich i indexes individuals andt indexes time. L etT = 6 bethenumber
oftime periods and N = 1 396 be the numberofindividuals. T henwit is
an N T £1 vectorofobservations on individualwages, X it is an(N T £k1)
matrixofobservationsontime-variantvariables, Z i is an(N T £k2)matrixof
observationsontime-invariantvariables, ®i isan(N T £1 )matrixofstochastic
individualinterceptterms thatcapture individualdi¤erences in ability, and
´it is an (N T £1 )disturbance matrix. O bservations are indexed …rstover
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individualsandthenovertimesothatthevector® , forexample, isasequence
ofsequencesofT identicalentries foreachindividual. FollowingH ausmanand
Taylor, wepartitiontheX itmatrixintotwoparts, sothatX it=[X 1 X 2];where
thesubmatrixX 1 containsthosevariablesthatareasymptoticallyuncorrelated
withtheindividual®i-e¤ectsandX 2 inturnconsistsof”endogenous” variables
correlatedwith®i. T hus, thestatisticalassumptionsare1 7 :

plim
N ! 1

(1 =N )X
0
1 ®i = 0 ; plim

N ! 1
(1 =N )Z

0
®i=0 (8)

plim
N ! 1

(1 =N )X
0
2®i 6= 0 :

Since®i iscorrelatedwiththeendogenousvariablesoftheX itmatrix, O L S
andG L S estimatesofmodel(7 ) arebiasedandinconsistent. T hereareseveral
waysofarrivingatconsistentestimatesof̄ and° . O necantransformtheequa-
tionbythefamiliarorthogonalprojectionsoperatorQ V =IN T ¡(IN ­ 1

T ¶¶
0),

whichtransformseachvariableintodeviationsfrom individualmeans(¶ isaT
vectorofones). Estimationoftheresultingequationdelivers the…xed e¤ect
estimateof¯, while° isnotidenti…ed. A moree¢cientwaysuggestedbyH aus-
manand Taylor(19 81) is tousetheexogenous variables as instruments. T he
H ausman-Taylor(H T ) estimatoris theIV estimatoroftheequationobtained
bymultiplying(7 ) bythefamiliarmatrix18 ­¡1 =2 = Q V + µP V , whereP V =
IN ­ 1

T ¶¶
0transforms thevariables intovectors ofindividualmeansovertime

and µ=(¾2´=(¾2´ + T ¾2®)¡1 =2. IntheIV estimation, X 1 and Z 1 aswellas the
deviationsfrommeansofentireX areusedas instruments19 .

W ereportthe G L S, …xed e¤ects (”within), ”between” as wellas the H T
estimates ofequation (7 ). T hedependentvariablewas thelogoftimewage
from year19 9 0 throughyear19 9 5. T hewageandcomplexityvariables were
…rststationarizedbyprojectingthemontimedummiesandtakingtheresidual,
inordertoeliminateanygenerale¤ectsofin‡ationandproductivitygrowth20.
T hevariablesoftheregressormatriceswere:

X 1 : (exogenous, time-variantvariables):

²A geandagesquared
1 7 In the H ausman-Taylormodel, even the Z matrix is partioned in the sameway, butin

this analysis weassumenoendogenous time-invariantvariables.
1 8 T he ­ ¡1=2 matrixconvertsthecovariancematrixofthedisturbanceterm intoadiagonal

matrix.
1 9 Subsequently, A memiyaand M aCurdy (19 86) and B reusch, M izon and Schmidt(19 8 9 )

havesuggestedestimatorsthatareevenmoree¢cient, providedstrongerexogeneityconditions
aremet.

20 N otethatourbalancedpanelisasubsetofalargerdatasetthatalsoincludes individuals
that leave orenterthe industry between years 19 9 0 and 19 9 5. T he stationarization was
carriedoutwithintheentiresamplethatalsoincludedthoseworkerswhowerenotpartofthe
balancedsample. T his probablyleavesaslightupwardtrend incomplexity, sincetheworkers
whoarenotnewcomersnorleavethesamplewithintheperiodofinvestigationarelikelytobe
serious professionalswhoadvancetobetteroccupations. H owever, stationarizingthesample
withinthebalancedpaneldoes notchangeourmainestimatesandqualitativeconclusions in
anysigni…cantway.
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²A geandagesquared£womandummy

²Totalhoursworked

²Firmdummies

²R egionaldummy

²N ewcomer(wasnotinthecurrent…rmoneyearago)

²L eaver(leavesthecurrent…rmbetweenthisobservationandthenext)

X 2: (endogenoustime-varyingvariables):

²Jobcomplexity

²Jobcomplexity£womandummy

²Personalbonus

²T imeshareofperformancepay

Z 1 : (exogenoustime-invariantvariables):

²Totalexperience

²G ender(womandummy)

²Firmdummies.

M ostofthesevariablesareself-evident. ”Totalhoursworked” isthesumof
hoursworkedwithinallthreepayschemes. T heregionaldummyisapartition
ofthedataintotwoclasses, metropolitanandrural21. ”N ewcomer” denotes a
workerwhowas notinthecurrent…rm oneyearago, and”leaver” denotes a
workerwhose…rm a¢liationchanges from this yeartothenext. ”T imeshare
ofperformance pay” denotes the shareofpieceand premium hours in total
hours22. Firm dummies appearbothas time-invariantandtime-variantvari-
ables, dependingonwhetherchangeoccurs inthe…rm’sworkforceduringour
periodofinvestigation.

T hecrucialvariableoftheanalysisisofcoursethecrossvariablecomplexity£
gender. Intheestimation, thisvariablewasformulatedbymultiplyingthein-
strumented complexityvariable bythefemaledummy23. W e …rst…tted the
modelintothepooledsampleofmenandwomenandthenseparatelytothe
gendersubsamples.

21T hecollectiveagreementstipulates slightlyhigherpay inmetropolitan areas where the
costoflivingis presumablyhigher.

22SeethepaperbyB rown (19 9 0) whoshows thatindividualswithhigherabilityaremore
likelytoworkinperformance-relatedpayschemes.

23T hecommonplacewaytousean instrumented cross variable is to instrumentthe cross
variable in question directly. In ourestimation, it is more sensible to instrumentonly the
job complexitypartofthecross variable, sincethecross variable is identicallyzeroformen.
Choosingtheothermethod, however, does notchangetheresults.
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7 Estimationresults
Table 2 reports theresults from …ttingthemodelintothepooledsampleof
menandwomen. O n theoreticalconsiderations (cf. …gure3), weexpectthe
coe¢cientofjobcomplexitytodropwhenwemovefrom theinconsistentG L S
estimatestotheconsistentFEandH T estimates. Furthermore, weexpectthe
coe¢cientofthecrosstermcomplexity£gendertobepositiveiftheasymmetric
assignmenthypothesis is true. Bothofthesepredictions areborneoutbythe
estimationresults. Thecoe¢cientofcomplexitydrops from .64 to.37 as one
movesfrom G L S toH T . T hebetweencoe¢cientis 0.82, i.e. notquiteunityas
predictedinfootnote13butnotveryfarfrom it.

T helastlineofthetablereports H ausmantests oftheoveridentifyingre-
strictions used in the instrumentalvariable estimations. T hese Â2-tests are
computedagainstthe…xed e¤ectestimatorthatis byassumptionconsistent
butine¢cient. W eseethatthenullhypothesis ofuncorrelated X it and ®i is
stronglyrejectedbutthattheexogeneityassumptions (overidentifyingrestric-
tions) necessaryforthevalidityoftheinstrumentsused in H T estimationare
not, evenata.001 probabilitylevel. B yandlarge, theH T estimates arevery
similartotheFE (within) estimates, andthereappearstobeasmallincrease
inestimationprecisionformostcoe¢cients.
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G L S B etween W ithin H T
Constant -0.17 47 -0.109 1 -0.267 5 -0.0202

(-5.09 7 ) (-2.261) (-3.857 ) (-3.19 1)
A G E 0.0138 0.007 5 0.017 0 0.017 1

(8.17 3) (3.17 7 ) (7 .131) (7 .9 9 6)
A G E2 -0.00016 -0.000088 -0.00020 -0.00020

(-7 .69 2) (-2.9 82) (-6.9 82) (-7 .7 35)
W O M A N 0.19 57 0.09 39 0.107 9

(2.467 ) (0.9 08) (0.9 59 )
A G E£W O M A N -0.0139 -0.0065 -0.0145 -0.0149

(-3.7 01) (-1.29 8) (-2.522) (-2.9 40)
(A G E£W O M A N )2 0.00018 0.00007 5 0.00024 0.00023

(3.9 8 9 ) (1.268) (3.644) (3.9 58)
R EG IO N A L D U M M Y -0.029 7 -0.0139 -0.0057 -0.027 6

(-4.335) (-1.7 36) (-0.201) (-1.652)
H O U R S 0.000013 -0.000035 0.000013 0.000013

(1.28 8) (-0.682) (1.283) (1.409 )
N EW CO M ER -0.0114 -0.17 9 1 -0.0080 -0.0084

(-3.315) (-2.460) (-2.289 ) (-2.602)
L EA V ER -0.007 1 0.217 3 0.00033 -0.0015

(-1.581) (2.062) (0.07 3) (-0.349 )
T O T A L EX PER IEN CE 0.0007 8 0.0010 -0.00015

(1.028) (1.180) (-0.066)
CO M P L EX IT Y 0.6403 0.8244 0.367 8 0.3822

(24.859 ) (23.256) (9 .655) (10.864)
CO M P L EX IT Y £W O M A N 0.0316 0.0206 0.2460 0.2047

(0.606) (0.29 6) (3.07 0) (2.822)
PER SO N A L B O N U S 0.3831 0.7 8 7 1 0.239 2 0.237 7

(10.428) (11.07 2) (5.603) (5.9 80)
PER FO R M A N CE SH A R E 0.0184 0.09 47 -0.0118 -0.0110

(3.9 06) (10.281) (-2.163) (-2.168)
Â 2 (H ausman) Â 212 0 = 2 89 0:0 Â 2117= 0:14 9
(235 …rm dummies)

Table 2: Estimation results forthepooled sample. D ependentvariable: log
oftimewage. Endogenousvariables underlined. t-values inparentheses below
eachestimate. N umberofindividualsN = 1396. 235 …rmdummieswereincluded
intheestimation. T heH ausmanteststatisticofG L S is basedoncomparing
W ithinandG L S estimates, andtheteststatisticofH T is basedoncomparing
W ithinandH T estimates. T heCO M P L EX IT Y£W O M A N variablewas com-
putedbymultiplyingtheinstrumentedCO M P L EX IT Y variablebyW O M A N .
T heestimatedvariancecomponentswere: b¾2´ =0 :0 0 439;b¾2® =0 :0 64;bµ=0 :893:

Tables3and4reporttheresultsfrom …ttingthemodelseparatelytothe
maleandfemalesubsamples. A gain, theorderingofthecomplexitycoe¢cients
isasweexpectedand, furthermore, thecomplexitycoe¢cientisclearlyhigher
forwomenthanformen. Interestingly, thedi¤erencebetweentheG L S com-
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G L S B etween W ithin H T
Constant -0.19 88 -0.09 7 5 -0.2448 -0.0247

(-5.49 3) (-1.7 10) (-3.809 ) (-4.647 )
A G E 0.0124 0.0049 0.017 0 0.0166

(6.9 46) (1.7 7 8) (7 .359 ) (8.028)
A G E2 -0.00015 -0.000051 -0.0002 -0.00020

(-6.569 ) (-1.509 ) (-7 .302) (-7 .881)
H O U R S 0.0000062 -0.00007 2 0.000011 0.000011

(0.586) (-1.17 3) (0.9 9 3) (1.040)
R EG IO N A L D U M M Y -0.0520 -0.0419 -0.0283 -0.0512

(-7 .67 5) (-5.583) (-1.132) (-3.49 5)
N EW CO M ER -0.009 1 -0.2659 -0.0069 -0.007 0

(-2.381) (-3.282) (-1.7 9 8) (-1.9 66)
L EA V ER 0.0021 0.1628 0.007 2 0.0058

(0.463) (1.682) (1.556) (1.369 )
T O T A L EX PER IEN CE 0.0043 0.0036 0.0049

(5.120) (4.047 ) (2.17 7 )
CO M P L EX IT Y 0.6120 0.8018 0.3647 0.37 83

(23.138) (20.841) (9 .9 36) (11.19 1)
PER SO N A L B O N U S 0.29 38 0.7 154 0.1654 0.1613

(6.9 9 2) (8.121) (3.49 8) (3.68 7 )
PER FO R M A N CE SH A R E 0.0054 0.0817 -0.019 5 -0.019 2

(1.017 ) (7 .539 ) (-3.208) (-3.425)
Â2(H ausman) Â233 =365:55 Â230 =0 :0 88
(50 …rm dummies)

Table3: Estimationresults forthemalesubsample. D ependentvariable: log
oftimewage. Endogenous variables underlined.N umberofmale individuals
N = 107 1. 50 …rm dummies were included in the estimation. T he estimated
variancecomponentswere: b¾2´ =0 :0 0 42;b¾2® =0 :0 71 ;bµ=0 :90 0 :

plexitycoe¢cientandthe H T complexitycoe¢cientis lowerforwomenthan
men24. W econcludethattheseestimators corroboratetheasymmetricassign-
menthypothesis, providedthatthetheoreticalmodelofsection5 isanadequate
descriptionofproductivity, complexityandability.

24T his mightsuggestthattheendogeneityphenomenon is less pronounced forwomen, so
thatwomens’ job assignmentdepends less on individualabilitythan thatofmen. W ithout
otheranalyses, suchaconclusion is tentative, ofcourse.
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G L S B etween W ithin H T
Constant -0.129 8 -0.09 9 5 -0.4562 -0.0222

(-1.7 18) (-0.9 88) (-2.220) (-1.512)
A G E 0.0031 0.0066 0.00083 0.0015

(0.9 11) (1.485) (0.144) (0.303)
A G E2 -0.000023 -0.00007 5 0.000051 0.000033

(-0.57 6) (-1.460) (0.7 9 3) (0.588)
H O U R S 0.000032 -0.00016 0.000033 0.000034

(1.435) (-1.561) (1.413) (1.569 )
R EG IO N A L D U M M Y -0.0542 -0.0659 0.09 43 -0.0303

(-4.9 86) (-5.458) (0.9 7 3) (-0.9 07 )
N EW CO M ER -0.0166 0.0653 -0.0100 -0.0111

(-2.339 ) (0.7 50) (-1.328) (-1.614)
L EA V ER -0.0162 -0.09 60 -0.0104 -0.0121

(-1.7 56) (-0.8 7 1) (-1.023) (-1.311)
T O T A L EX PER IEN CE 0.00034 0.00052 -0.0030

(0.265) (0.362) (-0.7 09 )
CO M P L EX IT Y 0.7 112 0.7 7 82 0.6049 0.59 7 5

(14.37 8) (11.150) (7 .852) (8.543)
PER SO N A L B O N U S 0.49 7 8 0.6663 0.49 16 0.488 7

(6.296) (4.463) (5.185) (5.581)
PER FO R M A N CE SH A R E 0.017 3 0.039 8 0.0066 0.0068

(1.868) (2.567 ) (0.560) (0.626)
Â 2 (H ausman) Â 22 7= 75:96 Â 22 4 = 0:060
(50 …rm dummies)

Table4: Estimationresultsforthefemalesubsample. D ependentvariable: log
oftimewage. Endogenousvariables underlined. N umberoffemaleindividuals
N = 325. 50 …rm dummies were included in the estimation. T he estimated
variancecomponentswere: b¾2´ =0 :0 0 52;b¾2® =0 :0 671 ;bµ=0 :889:

W econductedanumberofadditionalstatisticalinvestigations toexamine
therobustness oftheseresults. Firstly, with asmallersetof…rm dummies,
we computed the A memiya-M aCurdy and Breusch-M izon-Schmidtestimates
in addition tothe H T estimates. T he results werevery similartothose of
tables 2 through4andarethereforenotreported. W ealsodeletedindividuals
theobservation onwhom wereexceptionally in‡uential, as measured bythe
statisticalleverage. T hisdidnotchangetheresultseither.

A notherpossibleextensionhastodowithage. Inasmuchasthephenomenon
ofasymmetricassignmenthastodowithwomen’schildbearing, onemightcon-
jecturethattheasymmetrywouldweakenwithage, as olderwomenwhoare
unlikelytogetchildrencanconcentrateontheircareers betterthanthose in
childbearingage. R e-estimationofthemodelonthebasis ofsamples splitted
intoyoungerandolderworkers, however, doesnotcon…rmthisconjecture25.

25 Infact, thegenderdi¤erentialbetweenthecomplexitycoe¢cientsseemstobeabitlower
foryoungerworkers.
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8 Earningsandpayschemes
W ehaveconcentratedontimewageearnings, sincetimewagesarethebench-
markremunerationscheme. Ifpiecerateearningswereavailableforallworkers
andonecouldassumeamoreorless uniform levelofe¤ort, piecerates could
inprincipledeliveranotherreliableobservationofindividualproductivity. B y
thesametoken, womenshouldateachcomplexitylevelearnmorethanmen.
Selectionintopieceworkisnotrandom, however. T hechoicebetweentimepay
andperformancepayhas beenexploredby L azear(19 86) and B rown(19 9 0),
whoshowthatthemoreproductiveworkers choosepieceworkwhiletheleast
productive partoftheworkforce choose time pay. T his is due toacostof
measuringtheoutput(”countingthepieces”) oftheworker. Supposethata
worker’s outputpertimeunitis qandthecostofmeasuringoutputis µ. If
the…rm o¤ers a…xedtimewagew, theworkerchooses betweenwandq¡µ,
sothatpieceworkis preferred ifq> w+ µ. Supposethatindividualproduc-
tivitiesqareunknowntothe…rmswhoonlyknowtheirdistribution. L azear
(19 86) showsthatbothpiecerateestablishmentsandtimerateestablishments
(orsectionswithina…rm)willcoexist, sothatthemoreproductiveworkerswill
seekemploymentinpieceworkandotherswillprefertimepay. Consequently,
regressions ofpiecerates shouldtake intoaccountthis selection process and
wouldthereforebetterbeanalysedwithinamoreelaboratetheoreticalmodel
inwhichboththeassignmentandpayschemeselectionprocessareanalysed.

T hereisoneprediction, however, impliedbytheL azear-B rownframework,
thatcanbetestedfairlyeasily. Ifthemoreproductiveworkersateachcomplex-
itylevelseekpayaccordingtoperformance, weshouldobservemorewillingness
amongwomentochoosepieceworkorpremiumwork. Ifonelooksattheshare
ofperformancepayhoursinworkers’totalhours, itturnsoutthedistributionof
thisshareisstarklybimodal. A boutathirdoftheworkersareintimepayonly,
aboutathirdusepredominantlyperformancepayandtherestarescattered
somewhereinbetween. Ifonepartitionstheworkerdata, correspondingly, into
threegroupsand…tsanorderedprobabilitymodeltoexplainthechoiceofthe
group, femalegendergets astatisticallysigni…cantpositivecoe¢cientsothat
womenindeedaremorelikelytoseekmoreperformancework. This is shown
inTable5, whichreportstheresults from …ttinganorderedlogitmodelwith
threealternatives.

9 T heearningsgapandpersonalbonuses
O urlastpieceofevidenceconcerns thedistributionofpersonalbonuses. A s
indicated insection2 above, theperformanceofeachworkeris evaluatedand
apersonalbonus is assignedtoeachworkerontop ofthetask-relatedwage.
Ifwomenareofhigherabilitythanmenatalllevels ofjob complexity, their
personalbonusesshouldonaverageexceedthoseofmen. A lookatthebonuses
indeedrevealsthattobethecasejustinthosetasksofwagegroup3thatinclude
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Coe¢cient t-value
A G E 0.038 7 4.354
A G E2 -0.00055 -4.9 05
W O M A N 0.1348 4.042
JO B CO M P L EX IT Y -0.8285 -6.9 84
SIZ EO FFIR M 0.0007 0 22.323
N EW CO M ER -0.3126 -8.349
L EA V ER -0.2060 -5.535
T O T A L H O U R S 0.0007 2 6.114

Table5: Estimationresultsforanorderedlogitmodelonthechoiceofperfor-
mancepay. D enotingtheshareofperformancepayhours byx, thegrouping
wasbasedonthefollowingpartitionoftheperformancehoursshareaxis: G roup
1: x=0 ;G roup2: 0 < x< 0 :7;G roup3: 0 :7< x< 1 . N umberofobservations
25961, loglikelihood-25401.9 , cutpoints -2.2 and-1.69 , respectivestandarder-
rors0.433and0.433.

W agegroup 1 W agegroup 2 W agegroup3
W omen 9 .6% 10.2% 11.1%
M en 10.3% 9 .8% 9 .2%

Table6: A veragepersonalbonus ineachwagegroup. W agegroup 1 contains
themostcomplexjobsandwagegroup3theleastcomplexjobs.

mostfemaleworkers26. Table6liststheaveragepersonalbonusesofmenand
womenineachwagegroup.

T hereisastatisticallysigni…cantgap inthebonuses infavourofwomenin
thelowestwagegroupwheremostwomentendtowork. Interestingly, thereisa
reversegap inthegroupofcomplextasks, butwhateverthetwosexes’relative
abilities are inthatgroup, theyareofnogreatsigni…cancesincefewwomen
workinthosetasks.

T hemodelandtheresultsimplythattheexpectedabilityofwomenexceeds
thatofmenateachcomplexitylevel. Canthatpredictionbeaccommodated
withthefactthatwomentendtoearnlessingeneral?N otquite. Ifweestimate
anA N O V A modelfortimepayearnings inwhichweconditionpayoncatego-
rizedjobcomplexityvariablesand…rm dummies, wecan”squeeze” thefemale
paydisadvantagetolittleunder3 percent. T his is notmuchbutstillofthe
wrongsign. T hus, themodelcannotbeliterallytruewithoutextraassumptions.
T heeasiestwayoutissimplytoassume, ontopofthemodelexposedinsection
5, thatsomewagediscriminationoccurs: althoughthemarginalconditionsof
themodelhold, somemeninsome…rmsgetapositivewageincrementontop
oftheirproductivitywhilesomewomeninsome…rmsfetanegativeincrement.

26R ecallthatthe wage grouping partitions the complexity axis in three parts, with the
simplestjobs ingroup 3 andthedemandingtasks ingroup 1.
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Suchanassumptionisadhocbutnotunplausible27 . A generallessonofthese
estimations is thatisthatthewomandummycoe¢cientisanywaynotavery
reliableindicatorofwomen’swageposition, sincethe…nalwageoutcomeisme-
diatedbymanycomplicatedand interactingmechanisms likejob assignment,
selectioninto…rmsanddi¤erentialtreatmentofage.

10 Conclusion: Interpretingtheresults
Tomyknowledge, job complexityandearningshavesofarnotbeenanalysed
withcontinuousrandome¤ectsmodels. O urresults, however, donotcontradict
other…ndings. By and large, the factthatwomen tend tobe selected into
less demandingoccupations has been observed in many labourmarkets and
has attracted theattention oflaboureconomists. Furthermore, somerecent
studieshaveshown, atleasttentatively, thatwomenneedtoperformbetterthan
men inordertobepromoted. (seein W inter-Ebmerand Z weimüller19 9 7 in
particular)28 . O urresultsareinaccordancewiththoseresults. Takenliterally,
theyimplythatafemalepromotionleads toalargerincreaseinproductivity
thanamalepromotion, onaverage. A related…ndingis reported inastudy
ofvanO phem & al. (19 9 3), whoshowthatfemalesfaceasteeperwagepro…le
acrossjobcomplexitylevels29 .

W hetherwomens’poorercareersarearesultofoccupationaldiscrimination
oranexpressionofdi¤erentpreferences ishardtoassessde…nitively, ofcourse.
Sophisticatedtheoreticalexplanationsfortheobservedpatternhavebeendevel-
opedbyL azearandR osen(19 9 0). Intheirmodel, women’salternativeoccupa-
tion(athome) ismoreattractivethanthatofmen, whichimpliesthatwomen
aremorelikelythanmentoleavethe…rminthepost-trainingsituationinwhich
theirproductivityinthemorecomplexjobhasbeenrevealed. A nearliercon-
tributionofB ecker(19 85)buildsontheassumptionthatmarriedwomenspend
lesse¤ortonmarketworkthanmarriedmen. Interpretedasanoutcomeofequi-
libriumbehaviour, ourresultsindicatethatthemarginalcostofputtingwomen
intomoredemandingtasks is higherthanthatformen, whichisaresultper-
fectlycompatiblewiththeL azear-R osenmodel. Suchmodelsnotwithstanding,
similarresultsareofteninterpretedasevidencefordiscriminatorymechanisms
withinthejobassignmentprocess.O urmodelandtheempiricalresults suggest
thatthere is an unexploitedabilitypotentialinwomen, andmanycommen-
tatorswouldprobablyregardthis as a”problem” tobemendedregardless of

2 7 T hus, togeneratetheempiricalresult, itis su¢cientthatsomelarge…rms practicewage
discrimination. Indeed, itturnsoutthatthenegativefemalecoe¢cientdependsalotonwhich
…rms areselected intotheestimation.

2 8 N otallempiricalresults fall into the same pattern, however; H ersch and V iscusi, for
example, in theirinvestigation ofapublicutility, …nd thatpromotions increasewages more
formen than forwomen (H ersch and V iscusi 19 9 6). T hatresultmay be due the di¤ erent
characterofapublicutilitywhichneeds tobeless concernedaboutindividualproductivity.

2 9 vanO phem & al. suggestthatthismayindicatethattheearningsdisadvantageofwomen
diminishes with job complexity. In the light ofourresults, this is not the only possible
explanation, ofcourse.
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whetheritre‡ectsoptimizingbehaviourordiscrimination.
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