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Abstract
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We usea continuoustime durationmodel to estimatethe densityof durationtimes
in theseseven states,controlling for the endogeneityof an individual’s training status.
We investigatethe sensitivity of the parameterestimatesby comparinga typical non-
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aparametricthree-factorloadingmodel.

Our resultsshow thatyoung,poorly educatedmaleswho participatein welfaretrain-
ing programsdo far worseon the labourmarket thanthosewho do not participate.Par-
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1 Intr oduction

The impactof government-sponsoredtraining programshasbeenextensively studiedin the
pastcoupleof decades.1 In many countries,suchprogramshave becomean integral part of
public policiesaimingat enhancingself-sufficiency amongvulnerablegroups.Theprogram
costshaveescalatedasthey havebecomemorecomprehensiveandmoresystematicallyused.
Not surprisingly, policy makershaveshownrenewedinterestin obtainingaccurateandreliable
estimatesof theirefficacy.

Thediscussionssurroundingtheefficacy or desirabilityof trainingprogramsrestoncom-
plex methodologicalissues.The main concernlies with propertreatmentof an individual’s
decisionto participatein suchprograms.Severebiasesmay ariseif unobserved individual
characteristicsthataffect thedecisionaresomehow relatedto theunobservablesthataffect the
outcomeof participation.Two approacheshave beenproposedin theevaluationliteratureto
addresstheso-calledissueof “self-selection”.Thefirst is the“experimentalapproach”,based
onrandomassignmentof applicantsinto treatmentor controlgroups.Thesecondis the“non-
experimental”,or “econometricapproach”,andrelieson non-randomsamplesof participants
andnon-participants.Eachapproachtacklesthe self-selectionissuefrom a differentangle,
but the relative merit of eachis still the subjectof debate[seeHeckmanandSmith (1995),
Burtless(1995),HamandLaLonde(1996)].

Mostwouldarguethatthe“experimental”approachisbestsuitedto eliminateself-selection
biasesandprovide adequatemeanprogramimpacts,however measured.Yet, recentlythis
view hasbeenchallengedby HamandLaLonde(1996)in their importantpaper. In essence
they arguethatrandomassignmentbetweencontrolandexperimentalgroupsprovidesanad-
equateshort-termmeanprogramimpact. On the otherhand,the treatmentandcontrolsex-
periencingsubsequentspellsof employmentandunemploymentaremostlikely not random
subsetsof theinitial groupsbecausethesortingprocessis very differentfor thetwo. In other
words,randomassignmentdoesnotguaranteethatlong-termmeanprogramimpactsarevoid
of any systematicbiases.

In mostcountries,experimentalevaluationof trainingprogramsis impracticabledueto a
lack of appropriatedata. Analystsmust insteadconcentrateeitheron survey or administra-
tive data,andrely on multi-statetransitionmodels. An additionaldifficulty in using these
datais thatprogramparticipationmustbemodeledexplicitly. Many recentpapershave nev-
erthelessmanagedto successfullymodelcomplex transitionpatternsusingsuchdata(Gritz
(1993),Bonnal,FougèreandSérandon(1997)andMealli, Pudney andThomas(1996)).Most
papersarelimited to threeseparatestatesof the labourmarket: employment,unemployment

1SeeHeckman,LaLondeandSmith(1999)for a recentanddetailedsurvey.
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(nonemployment)andtraining.2 In many casesdatalimitationsdo not allow identificationof
any morestates.In othercases,analystspurposelyfocuson few statesto keepthestatistical
modeltractable.Indeed,whenthedatais drawn from stocksamples,asis oftenthecasewhen
usingadministrativedata,thestatisticalmodelmustaccountfor so-called“initial conditions”
problems.Thisusuallyaddsconsiderablecomplexity to analreadyinvolvedstatisticalmodel.3

Many havequestionedtheappropriatenessof focusingof few labourmarket states(Heckman
andFlinn (1983),JonesandRiddell (1999)). It maybeevenlessappropriateto focuson few
stateswhenconsideringtheimpactof trainingprograms.

This paperinvestigatestheimpactof governmenttrainingprogramsaimedat poorly edu-
catedmalewelfarerecipients.It shouldbe stressedat theoutsetthat in Canada,asin many
Europeancountries,the welfaresystemaimsat supportingindividualswithout incomeand
who arenot entitled to any other social securitybenefits,irrespective of age.4 As such,it
actsasa safetynetfor unemployedworkerswho do not qualify for benefits,or who have ex-
haustedtheir unemploymentbenefits.Many programsareavailableto assisttheselong term
unemployed andthosewith few skills increasetheir employability. Understandably, a con-
siderableproportionof programresourceshasbeentargetedtowardsthe youthsin the past
decade.Yet,many have questionedtheability of traditionalprogramsto addresstheproblem
[OECD,1998]. Theaim of this paperis preciselyto investigatetheimpactof theseprograms
in enhancingtheself-sufficiency of youngmaleswelfareclaimants,aparticulardisadvantaged
group(seeBeaudryandGreen(1997)).

Theempiricalstrategy is similar to thatusedby Gritz (1993)andBonnalet al. (1997)in
thatwe explicitly accountfor selectivity into thetrainingprograms.It relieson a rich dataset
thattracksthetransitionsof a largenumberof youngCanadianmalesonaweeklybasisacross
sevendifferentstatesof thelabourmarket. Thesestatesincludeemployment,unemployment,
welfare,out of the labour force (OLF), two separatewelfare training programs,andunem-
ployment training programs. In all, as many as 24 different transitionsare allowed in the
model.Thesampleis drawn from thepopulationof welfarerecipientsthatexperiencedaspell
at any time between1987and1993in theprovinceof Québec,Canada.To beincludedin the
sample,individualshadto be aged18 or 19 at any time during that periodandto have less

2Onenotableexceptionis Bonnaletal. (1997)whoconsiderasmany as6 differentstates:permanentemploy-
ment,temporaryemployment,publicpolicy employment(training),unemployment,out-of-labour-force(nonem-
ployment),andanabsorbingstate(attrition).

3Two biasesarelikely to result from stocksamples:(1) length-bias;(2) inflow-ratebias. The former may
arisebecauselengthyspellsaremorelikely to beongoingat thetime thesampleis chosen.Thelatteris related
to the fact that theprobabilityof beingsampledis relatedto theprobabilityof startinga freshspellat time the
sampleis chosen.SeeGouriérouxandMonfort (1992)andVandenBerg, LindeboomandRidder(1994)for a
detailedanalysis.

4Individualsmustbeagedover18to qualify for benefits,althoughsingleparentslessthan18maystill qualify.
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thana high-schooldegree.Samplestratificationis usedto avoid over-parameterizationof the
statisticalmodelthatwould resultif toomany exogenousvariableshadto becontrolledfor.

By merging variousadministrativedatafiles we canrecreatecompleteindividuals’ histo-
rieson thelabourmarketbackto age16,thelegalschool-leaving agein Canada.Consequent-
ly, eachindividual in our sampleis necessarilyobserved in the OLF stateat the beginning
of his history. This samplingschemethusremovesthenecessityto control for stocksample
biasesandhastheadditionalbenefitof providing rich transitionpatternsoverarelatively long
sampleframe.

The econometricmodel is built on continuouslabour market transitionsprocessesand
allows entry ratesinto eachstateto dependon observedandunobservedheterogeneitycom-
ponents.Heterogeneitytermscanbedestination-specific,origin-specificor both. In all cases,
correlationacrossheterogeneitytermsis allowed.We furtherinvestigatethesensitivity of the
parameterestimatesto variousdistributionsof theheterogeneitycomponents.Whenparamet-
ric distributionfunctionsareused,themodelis estimatedby SimulatedMaximumLikelihood
(SML) methods.

Theremainderof thepaperis organizedasfollows. Section2 providesa detaileddescrip-
tion thedata.Section3.1discussestheeconometricmodelandthevariousstatisticalassump-
tion regardingthe distributionsof the heterogeneityterms. Section4 reportsour empirical
findings.Section5 concludesthepaper.

2 Data Description

The basicdatausedfor this study are drawn from the caseloadrecordsof Québec’s Min-
istèredela Solidaritésociale.Thefilescontaininformationonall individualshaving received
welfarebenefitsat sometime betweenJanuary1987andDecember1993. In particular, the
startdatesandenddatesof eachwelfareandwelfaretrainingspellsarerecordedin thefiles.
The welfareprogramcontainsspecialprovisionsfor thosewho areindisposedfor work due
to mentalor physicalreasons.Theseindividualsarenot includedin the sample. Thus the
final samplecomprisesonly individualshaving no handicapor only a minor, intermediate,or
temporaryphysicalhandicap.Furthermore,they arefit to work.

Thewelfareadministrativefilescontainno informationonemploymentor unemployment
spells.Our samplewasthuslinkedto theStatusVectorfiles (SV) andtheRecordof Employ-
ment(ROE)files,bothundertheaegisof HumanResourcesDevelopmentCanada.Thesefiles
containvery detailedweekly informationon insuredunemploymentspellsandemployment
spells,respectively. Thestartdatesandenddatesof eachspellarerecordedin thesefiles. Sim-
ilar informationis availablewith respectto trainingspellsadministeredundertheUI program.
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Merging all threeadministrative files allows us to definesevendifferentstateson the labour
market. Aside from thewelfare,unemploymentandemploymentstates,we canidentify two
separatewelfaretrainingstatesandoneunemploymenttrainingstate.5

The focus of this paperis on poorly educatedyoung men. Thus to be includedin the
sample,an individual hadto be either18 or 19 yearsof ageat any time between1987and
1993andhavelessthan11yearsof schoolingoverthesampleperiod.A high-schooldegreein
Québecusuallyentailsatleast12yearsof schooling.In principle,then,noneof theindividuals
in oursamplehasearnedahigh-schooldiploma.With theseselectioncriteriathefinal sample
contains3068individuals.

Theupperpanelof Table1 providessummarystatisticsfor individualswho have not par-
ticipatedin a trainingprogram.Thelowerpanelpresentssimilar statisticsfor programpartic-
ipants.In thelattercase,themeandurationsin eitheremployment,unemploymentor welfare
arecalculatedboth beforeandafter participation. An examinationof the table revealsthat
thetwo groupsareverysimilar in termsof their observablecharacteristics.Yet, therearesig-
nificantdifferencesin their respective labourmarket experiences.For instance,non-trainees
have longeremploymentandOLF spellsthantrainees,andhaveshorterspellsin bothwelfare
andunemployment.On theotherhand,theaveragedurationof employment,unemployment,
welfareandOLF spellsdecreasessignificantlyfollowing training. On thewhole,theaverage
proportionof timespentemployedby traineesandnon-traineesis remarkablysimilar.

Recallthatonly individualswho experienceda welfarespellbetween1987and1993and
who wereaged18 or 19 duringthatperiodareincludedin thesample.Thosewho are18 or
19 yearsof agein January1987may have alreadybeenon the labourmarket for 2–3 years
at most. In orderto recreatetheir completelabourmarket historiesasof the ageof 16, it is
necessaryin somecasesto go backin thefiles asearlyasJanuary1984.6 Thestartdateand
enddateof eachspell is usedto createindividual historieson the labourmarket. Overlaps
betweenstatesarefrequentandarenotnecessarilytheresultof codingerrors.It maywell be,

5The welfare files containinformation dating back to 1979and endingin December1993. The SV files
containsinformationbeginning in January1987andendingin December1996. Finally, TheROE files contain
informationrangingfrom January1975to December1996. Theanalysisfocuseson the1987–1993perioddue
to datalimitations.

6Dataconcerningunemploymentspellsisavailableonly asof January1987.Consequently, asmallproportion
of unemploymentspellsoccurringprior to 1987maybewrongly codedasOLF. Two factorsleadus to believe
that the proportionof suchspellsis likely insignificant. First, the largemajority of individualsthatwere18 or
19 yearsof agein theyears1990andbeyondwherein theOLF, theemploymentor thewelfarestatesbetween
16 and19. Second,of thoseindividuals,the majority who hadan employmentspell would not have qualified
for UI benefitsgiven the eligibility rulesthat prevailedbetween1984and1987. Similarly, employmentspells
that wereongoingin December1993will not show up in the ROE files until they are terminated. To avoid
misclassifyingthesespellsasOLF, the ROE files aresearchedas late asDecember1996. Given the average
lengthof employmentspellsreportedin Table1, it is veryunlikely thatmany employmentspellswill bewrongly
codedasOLF.
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for example,thatawelfarespellandawork spelloverlap.Programdesignsdonot forbid this.
In principle,suchoverlapscouldberedefinedasaseparatestate.Giventhenumberof possible
states,it is simply not reasonableto allow theseoverlapsin theanalysis.It wasdecidedthat,
asa rule, startingdateswould have precedenceover ongoingspells. Thusan ongoingspell
with known enddateis truncatedwhenevera new statestartsprior to theenddate.7

The3068individualsin our sampleexperiencedasmany as31422spellsover thesample
period. Table 2 presentsall the transitionsthat occurredat any given point in the sample
period. The table identifiesseven separatestateson the labour market. Welfare Training
includesvariousjob searchassistanceprogramsaswell a skill enhancingprogramsaimedat
welfare recipients. The Job-ReentryProgram(JRP)is an on-the-jobtraining programalso
aimedat welfarerecipients. Under this program,participantsdo not receive benefitsbut a
(subsidized)salaryfrom a regular employer.8 JRPis treatedseparatelybecausecontraryto
other programsmost participantsqualify for unemploymentbenefitsupon completion. UI
is a statein which individualsreceive unemploymentbenefits.Individualsthat do not work
andthatdo not qualify for benefitsaretreatedasOLF for thepurposeof this study. It must
thusbekept in mind thatUI is not necessarilyakin to unemploymentin theusualsense.UI
Trainingcomprisesa seriesof trainingprogramsaimedat UI claimants.TheOut of Labour
Force(OLF) stateis the complementof all otherstates. It may include full-time students,
non-entitledunemployedindividualsandindividualsthataretruly outof thelabourforce.

Table2 revealsinterestingdynamicson the labourmarket. For instance,the majority of
welfarespellsendeitherin employment,in welfaretrainingor OLF. Likewise,welfaretrain-
ing spellsendeitherin welfare,in employmentor in OLF. Interestingly, mostJRPparticipants
enterregularemploymentuponcompletionof their program.Very few enterUI eventhough
mostqualify for benefits.Othertransitionsareasexpected,exceptperhapsfor UI training.
Indeed,themajority of participantsreturnto UI uponcompletionof their programandvery
few find regularemployment. A numberof cellscontainfew or no observations.Theempty
cellsareconsistentwith programor policy parametersthatpreventa numberof transitionsto
occuror areaconsequenceof our definitionsof thevariousstates.9 Only transitionscompris-
ing more than50 observationswill be consideredin the econometricmodel. This leavesa
total of 24 transitionsto bemodeledexplicitly.

7Preliminaryanalysiswasalsoconductedgiving theenddateprecedenceover thestartdateof a new spell.
Theresultingtransitionsmatricesandaveragedurationsarevery robustto this strategy.

8Non-profitorganizationshave to paya symbolic1$ perworking day. Theparticipantsreceive regularbene-
fits.

9For example,the welfarefiles provide informationon a monthly basis. Any interruptionlastingbetween
1-3 weekswill not berecordedin thedata.Therecordwill show anuninterruptedsequenceof monthlybenefits
receipt. Thus Welfare-Welfare transitionsare not identifiablein the data. On the other hand,UI spellsare
recordedonaweeklybasis.Unemployedworkersthatwork anumberof weeksor hourswhile claimingbenefits
mayqualify for additionalbenefitsoncethey exhausttheir originalentitlement.TheSV fileswill indicatea new
UI spellstartingtheweekfollowing exhaustion.ThusUI-UI transitionsareidentifiablein thedata.
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The transitionson the labourmarket have threeessentialdimensions:thestateof origin,
thestateof destinationandthedurationin any agivenstate.Table2 providesusefulinforma-
tion on the first two dimensions.Oneway to representall threedimensionssimultaneously
is to look at the distribution of the sampleacrossall seven stateson a weekly basis. This
distributionsynthesizesboththetransitionsacrossstatesandthemeandurationin each.

Figure1 plotstheproportionof individualsin eachof thesevenstateson a weeklybasis.
The top portion of the figure tracesout the proportionof individuals in non-trainingstates
(welfare,unemployment,employment,OLF), andthe bottomportion tracesout the propor-
tionsin trainingstates(UI training,welfaretrainingandJRP).Therearetwo distinct features
thatarisein January1987in thetopportionof thefigure.First,theproportionof individualsin
OLF is relatively high. This partly reflectsa cohorteffect. In January1987,our samplecom-
prisesonly individualsthatare18 or 19 yearsof age.Not surprisingly, a largeproportionof
themareeitherstill in schoolor havenotyetenteredthelabourmarket. As wemoverightward
alongthetime axis,theseindividualsbecomeolderandnew 18-19yearold entrantsjoin the
sample.By thetimewereachDecember1993,theoldestindividualsarebetween25–26years
of age. It doesnot necessarilyfollow that thesample’s averageageincreasessystematically
alongthetimeaxis.Proportionatelymoreindividualshaveenteredthesamplein therecession
years1989–1992thanpreviously. Second,theproportionof unemployedindividualsis zero.
As mentionedearlier, theinformationon unemploymentspellsis only availableasof January
1987.Consequently, only new spellsareidentifiablein thedata.Spellsthatwereongoingin
January1987,areclassifiedasOLF in thefigure.

The bottomportion of the figure alsoindicatesthat the proportionof individualsin JRP
is zero up until approximatelyJanuary-February1990. This programwas implementedin
August1989andhadtoo few participantsin thebeginningmonthsto show up in thefigure.
Similarly, participationin UI training programsis essentiallyzeroup until February-March
1987. UI training usuallyoccursafter a numberof weekshasbeenspentunemployed. Not
surprisingly, then,acertainlapsof time is neededbeforetheproportionof UI traineesis large
enoughto show up in thefigure. Trainingspellsthatwereongoingin January1987arealso
classifiedasOLF.

A closelook atFigure1 revealsinterestingpatterns.First,theproportionof welfarepartic-
ipantsremainsrelatively constantbetween1987and1989. Theeconomicdownturnof 1989
resultsin ansteadyincreasein theproportionof welfareclaimantsuntil theendof 1993. In
fact,theproportionincreasedfrom 17.9%in January1988to 42.3%in December1993.Such
an increaseresultsfrom botha moreimportantinflow into welfareandlongerspellduration
[seeDuclos,Fortin, LacroixandRoberge(Forthcoming)for details].

Theproportionof employedindividualsfollowsaverydistinctseasonalpatternwith peak-
s occurringaroundJune-JulyandtroughsaroundJanuaryeachyear. Despitetheseseasonal
fluctuations,theproportionof employedindividualsincreasedfrom 31.2%in January1988to
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33.5%in January1990,andthengraduallydeclinedto 18.6%in January1993.Theproportion
of unemployedindividualsis highly negatively correlatedwith theproportionof employedin-
dividuals.Theseasonalfluctuationsalmostperfectlymirror thoseof employment.Finally, the
proportionof individualsin theOLF statealsodepictsstrongseasonalpatterns.In Januaryof
eachyear, theproportionincreasesby about5 percentagepoints.It is likely thatmany season-
al workerslosetheir job at thebeginningof eachyearanddo not qualify for unemployment
benefits.

The bottom portion of the figure shows that the proportionof individuals engagedin
government-sponsoredtrainingprogramsfluctuatesconsiderablyovertime. A numberof new
welfaretraining programshave beenimplementedin 1989. Most of theseprogramsaim at
enhancingjob searchskills andusuallylasta few weeks.Thelargeincreasein theproportion
of welfaretraineescoincidewith the implementationof theseprograms.A dramaticfall oc-
curstowardstheendof 1989presumablylinkedto budgetaryconstraintsassociatedwith the
economicdownturnof 1990. Theproportionof participantssteadilyincreasesthereafterand
reachesit highestlevel at theendof 1993.Theproportionof UI traineesis relatively constant
throughoutthewholeperiod,with theexceptionof 1992.Both theUI trainingprogramsand
JRPhave relatively few participantsat any point in time. The proportionsof participantsin
theseprogramshardlyreachesbeyond5%over thesampleperiod.

The fact that few individualsare engagedin formal training at any point in time is no
indicationthat trainingprogramsareinefficient or unattractive. Accessto programsis often
limited becauseof insufficientresources.Thislackof resourcesraisesafundamentalquestion:
who getsselectedinto training ? To the econometrician,participationin a trainingprogram
is the result of two separateunidentifiableprocesses.First, the participanthasundertaken
the necessarystepsto take part in the program. Second,the individual responsiblefor the
managementof theprogramdeemedtheparticipantaseligible. Thesetwo processesarelikely
to besuchthatparticipantshave unobservable(to theeconometrician)characteristicsthatare
systematicallydifferentfrom thoseof thenon-participants.Fortunately, giventheinformation
at our disposalit is possibleto devise estimatorsthat, undervery generalassumptions,will
yield unbiasedestimatesof theprograms’impacts.Theseestimatorsarepresentedin thenext
section.

3 Modeling labour market transitions

The labourmarket history of a given individual is representedby a sequenceof � spellsof
variouslengthsin any of K (=7) states.Let 	�
 bethestatein which anindividual is observed
to beat time � . Thesequencestartsat calendartime ������ whenthe individual is 16 years
of ageandendsat time �� ( ���� December1993). Figure2 depictsa hypotheticalsequence
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Figure2: Labourmarket historyof ahypotheticalindividual.

madeupof 3spellsof variouslengthin 3differentstates.Asdepicted,theindividualis initially
observed in theOLF state.He entersinto employmentat time �� andeventuallymovesinto
unemploymentat time �� . At time �� heis still in themidstof anunemploymentspell.

Let �� denotethe calendartime at which a spell in any given stateends. Eachspell �
( �! "�# $�&%"� ) is thusdelimitedby thestarttime '�)(�� andtheendtime '� ( ��+*,'�)(�� ). Let- � bethedurationof spell � ( - �.�/'�102'�)(�� ). Finally, let 3 denotea completesequencefrom
time � to time �� :

34�65758��:97	�;=<�>�9?5 - ��9@	�;BAC>D9FEFE�EG9?5 -�H 97	�;=IJ>�9?5 -�H:K �L9'�M>@>D9
where-�H:K �N�O���0& H is thedurationof thelastspell.Thelastspellof eachindividual is right-
censoredsince  H:K � and 	�; I7P A arenot observed. On theotherhand,the last spellmusthave
lastedat least��Q0R H unitsof time in state	�;=I . As 	�; ILP A is notobservedweconventionallyfix	�; ILP AS�T� .

Thesequencemaybemorecompactlyrewrittenas:

34�65=UV�F9LUW�'9FEFEFEX9LU H 97U H:K �C>D9
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where

U?�N� YZZ[ ZZ\ 58��:9@	�;]<'>D9 if �^�,�_95 - ��97	�`'a@>�9 if �4 b�� c�195 -�H:K ��9'�J>D9 if �^�T�!%d�JE
The initial state, UV� , is the samefor eachindividual in our sampleandexogenouslyde-

terminedby schoolattendancelaws. Consequently, thereis no needto explicitly modelthe
initial statein which individualsareobserved.

3.1 Lik elihood function

Eachindividual contributesa sequence3e�f5=UV��9LUg��9FEFE�EG9LU H 9LU HFK �C> to the likelihoodfunction.
The contribution canbe written conditionallyon a vectorof exogenousvariables,h , andan
unobservedheterogeneityfactor, i .

Let jGkl5=mJ> denotetheconditionalcontributionof thesequence3 . We have,

��kl5=mJ>S� H:K �n�]oQ�qp 5rU?�^s?UV�F9FEFEFEX9LU:�)(��'t'hut�iQt'ml>D9
where p 5rU?��slUl�F9�EFEFEX9LU?�)(��7t'h_t'iQt'mJ> is theconditionaldensityof U:� given UV� , UW� , EFEFE , U?�)(�� , h andi , and mwvyx{z IR| is avectorof parameters.Naturally, thedestinationstateof thelastspellis
unknown sincethedurationis censored.Its contributionto theconditionallikelihoodfunction
is limited to thesurvivor functionof theobservedduration.

The randomvariable i is assumedto be independentlyandidenticallydistributedacross
individuals,andindependentfrom theexogenousvariablesh . If theunobservedheterogeneity
can take only a finite numberof values, iJ��9FEFEFEX9�iV} , the contribution of a sequence3 to the
likelihoodfunctionis

jC5]ml>~� }�� oQ�
H:K �n�]oQ�Qp 5rU?�^s?Ul��9FEFEFEX9LU?��(��'t'h_t'i � t'mJ>�� � 9 (1)

where � � is the probability that the unobserved heterogeneityterm takesthe value i � ( �b � �  /� , � }� oQ� � � �$� ).
If i is acontinuousrandomvariable,then

j@5=mJ>S�,�:� H:K �n�]oQ� p 5=U:�^s�Ul�F9FE�EFEG97U?�)(��7t'h_t�iqt'mJ>���5]iQt'mJ>���iW9 (2)
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where��5]iQt'mJ> is adensityprobabilityfunctionandV is thesupportof i .
Furthermore,we will assumethat U?� is independentof UV�F9FEFE�EG9LU:�)(W� given U:�)(�� , h and i , in

whichcase

p 5rU?�^s?UV�F9FEFEFEX9LU:�)(��'t'hut�iQt'ml>~� p 5=U:��s�U?�)(��Lt'h_t�iQtLmJ>DE
Given the history of the process,the joint distribution of the durationof spell � andthe

destinationstateonly dependson thecurrentstateon thelabourmarket. Thisassumptioncan
berelaxedby introducingothercharacteristicsof thehistoryof theprocess.

3.2 Modeling individual spells

In thissection,wefocusontheconditionaldistributionof U:�N��5 - �L97	�; a > , where- � is thedura-
tion of the � 
�� spellin state	�; ar� A . Define -q��)� � asthewaiting timebeforeleaving state	�; ar� A for
state	�;8a . At theendof the � 
�� spell,theindividualwill enterinto thestatecorrespondingto the
smallestlatentduration -q��)� �@� . We will assumethatthese� latentdurationsareindependently
distributed.

Thusthedurationof spell � is givenby

- �N� �G�_��7���o_��� ar� A - ��)� � � E
Let p � 5 - s?Ul��9FEFEFEX9LU?��(��'t'h_t'iQt'mJ> denotetheprobabilitydensityfunction(p.d.f.) of thelatent

duration -q��)� � , giventhehistoryof theprocessup to time ���(�� , i andcovariatesh . Let � � 5 - sUl��9FEFEFEX9LU?��(��'t'h_t'iQt'mJ> bethecorrespondingsurvivor function:

� � 5 - s�Ul�F9FE�EFEG97U?�)(��7t'h_t�iqt'mJ>~�,� K��` p � 5] !s?Ul��9FEFEFEX9LU?��(��Lt'hut�iQt'ml>1�� JE
Theconditionaljoint densityof thedurationof spell � andthedestinationstate¡ is given

by thefollowing expression

p 5 - 9�¡�s UV�F9FEFEFEX9LU:�)(��LtLh_t�iQt'ml>S� p �J5 - s?UV�F9FEFE�EG9LU:�)(��'tLh_t�iQt'ml>¢n£¥¤ A£7¦¤�§C¨ © � a=� A � � 5 - s?UV�F9FEFEFEX9LU:�)(��LtLh_t�iQt'ml>D9�Tª«�M5 - s Ul�F9�EFEFEX9LU?�)(��Lt'h_t�iqt'mJ>���5 - s Ul�F9�EFEFEX9LU?�)(��7t'h_t'iQt'mJ>�9
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whereª«�M5 - s?UV�F9FEFEFEX9LU:�)(��'t'hut�iQt'ml> is thehazardfunctionassociatedwith thelatentduration- ��)� �
and �^5 - s?UV�F9FEFEFEX9LU:�)(��'t'hut�iQt'ml> is thesurvivor functionof thedurationof the � 
�� spell.Because
thelatentdurationsareassumedto beconditionallyindependentwehave

��5 - s�Ul�F9�EFEFEX9LU?�)(��7t'h_t'iQt'mJ>S� ¢n£¥¤ A£@¦¤�© � a=� A � � 5 - s�UV�F9FEFEFEX9LU:�)(��LtLh_t�iQt'ml>D9
where-¬ � . Theexpressionrepresentstheconditionalprobabilitythatthedurationof spell �
is at leastequalto - or, equivalently, thatall latentdurationsareat leastequalto - . Therefore,
theconditionalcontributionof agivensequenceto thelikelihoodfunctionis:

jXkJ5=mJ>S� Hn�]oQ�
¢n§¥¤ A§L¦¤?© � ar� A ª«�M5 - s?UV�F9FEFEFEX9LU:�)(��'t'hut�iQt'ml>C® a ¨ § ���J5 - s?Ul�F9FE�EFEG97U?�)(��Lt'h_t�iQtLmJ>D9

where ¯'�)� � is equal to 1 if the individual entersinto state ¡ at the end of spell � and to 0
otherwise:

¯'�)� �^�±° �J9 if 	�;8a²�"¡Q9�_9 otherwise,�³�$�J9FEFEFEX9L� .

3.3 Unobserved heterogeneity

Sofar, thediscussionsurroundingtheunobservedheterogeneitycomponentshasvoluntarily
beenkeptgeneral.Theuseof maximumlikelihoodproceduresrequiresthatwe specifydis-
tribution functionsfor thesecomponents.Most applicationsrely on the work of Heckman
andSinger(1984)andapproximatearbitrarycontinuousdistributionsusinga finite number
of masspoints(seeGritz (1993),HamandRea(1987)). More recentpapersusericherspec-
ificationsthat allow the heterogeneitytermsto be correlatedacrossstates(seeBonnalet al.
(1997),HamandLaLonde(1996)). Thesespecificationsaresometimesreferredto assingle
or double-factorloadingdistributionsandarealsobasedon a finite setof masspoints.In our
work,wewishto investigatetherobustnessof theparameterestimatesto variousdistributional
assumptions.We will usetwo andthree-factorloadingdistributionsasin theaforementioned
papers.Additionally, we will investigatetheconsequenceson theslopeparametersof using
variouscontinuousdistributionsinsteadof theusualfinite setsof masspoints.
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To fix ideas,let ´µ� 5r´¶��9FEFEFEX9L´ ¢ > be a vectorof unobserved heterogeneityvariables,
with ´·� a destination-specificcomponent( ¡¸�6�J9�EFEFEX9'� ). Ideally, thejoint distributionof the
unobservedheterogeneitytermsshouldnotbeindependent.

Considerfirst a two-factorloadingmodel(seeVandenBerg (1997))suchthat

´·�^�O¹Dºu»�5=¼g�.½g�¾%À¿'�.½V��>�9
where ½M�RvÂÁg0¶Ãu9'Ä���Å , ½��yvÆÁ�Ä:�'9'ÄD��Å , ¿'�Çv IR, ¼M�y� ÈÊÉ�ËÍÌ ¬µÎ�Ï and ¿��&� � . The random
variables½M� and ½V� areassumedto be independent.The constraintsimposedon the support
of ½M� and ½�� aresufficient for identificationandto allow thecorrelationbetweenÐÒÑlÓÔ5=´·��> andÐÒÑlÓÔ5=´·�7�Ò> shouldspantheinterval ËÕ0Ö�ltF� Ï .

Moreover, assumethat

ProbËX5¥×���9�×���>S�Ø5r½ �� 9L½ �� > Ï �
YZZZZ[ ZZZZ\
Ù � 9 if ½ �� �{0¶Ã and ½ �� �TÄF�D9Ù#Ú 5C��0 Ù >D9 if ½ �� �{0¶Ã and ½ �� �TÄ��:95C��0 Ù > ÚÛÙ 9 if ½ �� �TÄ�� and ½ �� �,Ä:�'95C��0 Ù > � 9 if ½ �� �TÄ�� and ½ �� �,ÄD��9

where ÄF�D9'Ä��³v IR, ¿'�Üv IR andtheprobability Ù is definedas

Ù � ¹�º_»�5=�W>�.%Ý¹�ºu»�5]�W> 9
where �Þv IR is a parameter.

ThecorrelationbetweenÐGÑJÓÔ5=´·�F> and ÐÒÑJÓÔ5r´·�7�Ò> , denotedßM��� �@� , is

ßM��� �@�Ô� ¼g�à¼M�7�Xá �k7A %Ý¿'��¿'�7�uá �kBâã ¼ �� á �k A %À¿ �� á �k â ã ¼ ��7� á �k A %À¿ ��7� á �k â 9 (3)

where ¡q9�¡Wä_�6�J9FE�EFEG9L� and á �k £ is thevarianceof ½ � , j=1,2.

A two-factor loadingmodelwith two independentheterogeneitytermswith a common
continuousdistribution canalsobederivedfrom this specification.Indeed,let ´·� denotethe
heterogeneitytermfor destination¡ :

´·�^�O¹Dºu»�5=¼g�.½g�¾%À¿'�.½V��>�9
where ¼M� and ¿'� areparameters( ¼M�¶�ØÈÊÉ�ËÍÌ ¬/Î�Ï and ¿��~�$� ).
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In this versionof the model, ½M� and ½V� areassumedto be independentlyand identically
distributed. Let å«5r½Ôt'mJ> be the p.d.f. of ½M� and ½�� . The correlationsbetweenÐÒÑlÓÔ5=´·��> andÐÒÑlÓÔ5=´·�7�Ò> aregivenby thesameexpressionasin (3). In thenext section,wewill presentresults
basedon variousparametricdistribution functions(exponential,weibull, log-normal,normal
andstudent).

The above specificationscanbe further generalizedto a three-factor loadingmodelwith
a commoncontinuousdistribution for the unobserved variables. In this specification,the
unobservedcomponentsdependon thedestinationstateaswell asthecurrentstate.Let ´ � � �
bespecificto thetransitionbetweenorigin æ anddestination¡ .

´ � � ���O´ ä� ´·�^�T¹�º_»�5=¼ ä� ½�çÛ%À¿ ä� ½��D>è¹�º_»�5=¼M�à½M��%Ý¿��.½V�'>D9
where ¼Jä� , ¿Lä� , ¼M� and ¿'� areparameters( ¼Mä� �,¼M�^��ÈéÉ�ËÍÌ ¬/Î�Ï , ¿��S�6� ).

In this three-factorloadingmodel,thecorrelationbetweenÐGÑJÓÔ5=´·�F> and ÐÒÑJÓÔ5r´·�7�Ò> is

ßM��� �7��� ¼M�à¼g� � %À¿'��¿'� �ã ¼ �� %Ý¿ �� ã ¼ �� � %Ý¿ �� � E (4)

ThecorrelationbetweenÐGÑJÓÔ5=´^ä� > and ÐÒÑJÓ�5=´³ä� � > is

ß � � � ��� ¼Jä � ¼Mä � �M%À¿Lä � ¿'ä � �ã ¼ ä �� %Ý¿ ä �� ã ¼ ä �� � %À¿ ä �� � E (5)

Finally, thecorrelationbetweenÐÒÑJÓ�5=´·��> and ÐGÑJÓÔ5=´^ä� > is

ßM��� � � ¿ ä � ¿'�ã ¼ ä �� %À¿ ä �� ã ¼ �� %Ý¿ �� 9 (6)

whereæJ9�æMä�9�¡Q9�¡Wäu�{�J9FEFEFEX9'� .

3.4 Specificationof conditional hazard functions

Assumeanindividual is observedin stateæ duringspell � (i.e. 	�; ar� A �cæ ). Let ê+5XæJ9�¡«> denote
the heterogeneityterm for destination¡ , given the individual is in state æ . Thereare two
possibilities:

ê¶5GæJ9'¡«>S� ° ´·��9 in a two-factorloadingmodel,´ � � �?9 if weconsidera three-factorloadingmodel.

13



Theconditionalhazardfunctionfor transition 5XæJ9�¡«> is givenbyª � � �J5 - s?UV�F9FEFEFEX9LU:�)(��'t'hut�iQt'ml>~�Tª �� � � 5 - t'mJ>�ë�5=UV�F9FEFE�EG9LU:�)(��'tLh_t'mJ>�ê+5XæJ9�¡«>�9 (7)

where ë is a positive function dependingon the exogenousvariablesand the sequence3 ,ª �� � � 5 - t'mJ> is thebaselinehazardfunctionfor transition 5XæJ9�¡«> , and ê+5XæJ9�¡«>�*ì�_E
We have consideredthreealternative conditionalspecificationsfor the baselinehazard

functions.For eachtransition,wehavechosenamongthefollowing competingspecifications
on thebasisof non-parametrickernelestimations(seeFortin, FougèreandLacroix (1999a)):

1. Log-logisticDistribution
Thebaselinehazardfunctionis

ª �� � � 5 - t'mJ>²�îí � � �.ï � � � -Ôð £]¨ § (��5B�.% í � � � - ð £]¨ § > 9ï � � ��9 í � � �+v IR
K

.

If ï � � �#*±� thenthehazardfunction is increasingthendecreasingwith respectof - . Ifï � � �+ /� thenthehazardfunctionis decreasing.

2. Piecewise-ConstantHazard Model
Theexpressionof thebaselinehazardfunctionisª �� � � 5 - tLmJ>²�,ï � � �VÈéÉ�Ë�ñóò,ñ�ôõ Ï % íMö � ÷lÈéÉ�ËÕñ�ôõ  /ñóò"ñ�ôø Ï %2ù ö � ÷VÈéÉ�Ë�ñ�ôø ò"ñ Ï 9
whereï � � ��9 í � � �?97ù � � �¶v IR

K
. - � � and - �� arefixed.

Thebaselinehazardfunctioncanbeincreasingthendecreasing,decreasingthenincreas-
ing, strictly increasingor strictly decreasing.

3. Weibull Distribution
Thebaselinehazardfunctionisª �� � � 5 - t'mJ>²�Oï � � � í � � � - ð £]¨ § (�� 9ï � � ��9 í � � �+v IR

K
.

If ï � � ��*/� thenthehazardfunctionis increasingwith respectof - . If ï � � �Üò/� thenthe
hazardfunction is decreasingwith respectof - andif ï � � �Ö�ú� this conditionalhazard
functionis constant.
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3.5 Estimation

Weconsiderthreealternativespecificationsfor unobservedheterogeneitydistribution.

1. Two-FactorLoadingandDiscreteDistribution

Thelog likelihoodis

ÐÒÑJÓÔ5=û^5]mJ>@>S� ü� ý oQ� ÐÒÑJÓÔ5=j
ý 5=mJ>@>D9 (8)

where j ý 5=mJ> is obtainedby substitutingthesequence3 ý �þ5rUl�7� ý 9FEFEFEX9LU H�ÿÕK �)� ý > andtheob-
servedvectorof covariatesh ý in (1). � is thesizeof thesample.

In equation(1) � � is setequalto10

� � � YZ[ Z\ Ù � 9 if æ��6�l9ÙwÚ 5B��0 Ù >D9 if æ��"ÃW9��_95C��0 Ù > � 9 if æ����_9
whereÙ v2Ëé�_tF� Ï is aparameter.

The log-likelihoodis thenmaximizedwith respectof m ( m vcx ) in orderto obtainthe
maximumlikelihoodestimationof theparameters.

2. Two-FactorLoadingandContinuousDistribution

Themodelincludestwo unobservedheterogeneityterms ½M� and ½�� ( ½ � *6�_9)æe� �J9�Ã ).
We assumethesetermsareindependentlyandidenticallydistributed.Let å_5=½Ôt'ml> bethe
p.d.f. of ½ � , æÖ�6�J9�Ã .
The contribution of a given realizationto the likelihoodfunction is givenby equation
(2), where i/� 5r½g�'9L½V�'>Bä , × � IR

K��
IR
K

and ��5¥iQt'ml>� å_5=½M�Dt'mJ>_å_5=½��Ft'ml> . The log-
likelihoodis given by equation(8) where j ý 5=mJ> is the contribution to the likelihoodof
thesequence3 ý . Sincetheintegral in jC5]mJ> cannotgenerallybeanalyticallycomputedit
mustbenumericallysimulated.

Let
�j@5]ml> denotethe estimatorof the individual contribution to the likelihoodfunction.

Weassumethat

�j@5=mJ>S� �� 	��DoQ�
H:K �n�=oQ� p 5=U:��s�Ul�F9�EFEFEX9LU?�)(��7t'h_t7½g�)� �M9L½��7� �Mt'ml>D9

10Seesection4.
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where ½g�)� � and ½V�7� � are drawn independentlyaccordingto the p.d.f. å_5=½Ôt'ml> 11. The
drawings ½ � � � (æ#�6�J9�Ã , ª �6�J9FEFE�EG9 � ) areassumedto bespecificto theindividual. The
parameterestimatesareobtainedby maximizingthesimulatedlog-likelihood:

ÐÒÑJÓÔ5=û^5]mJ>@>S� ü� ý oQ� ÐÒÑJÓÔ5 �j
ý 5=mJ>@>D9

where
�j ý 5=mJ> is thesimulatedcontributionof thesequence3 ý to thelikelihoodfunction.

The maximizationof this simulatedlikelihoodyields consistentand efficient param-
etersestimatesif


 ü	 � � when
� � %� and � � %� (seeGourriérouxand

Monfort (1991,1996)).Undertheseconditions,this estimatorhasthesameasymptotic
distribution asthe standardML estimator. Following LaroqueandSalanié(1993)and
Kamionka(1998)we have usedsuccessively 20 draws from the randomdistributions
whenestimatingthe models. Using as few as10 draws yieldedessentiallythe same
parameterestimates.

3. Three-FactorLoadingAndContinuousDistribution

In the three-factor loadingmodelthe conditionalcontribution mustbe integratedwith
respectto thedistributionof threeindependentunobservedheterogeneityterms.Let

�jC5]ml>
denotetheestimatorof the individual contribution to the likelihoodfunction. Assume
furtherthat

�j@5=mJ>S� �� 	��DoQ�
H:K �n�=oQ� p 5rU?�^s�Ul�F9�EFEFEX9LU?�)(��7t'h_t7½g�)� �M9L½��7� �M9L½�ç7� �Jt'ml>D9

where ½M�)� � , ½��7� � and ½Vç7� � aredrawn independentlyaccordingto thep.d.f. å«5]iQt'ml> . Once
again,the parameterestimatesobtainedfrom maximizingthis functionareasymptoti-
cally efficient.

4 Estimation Results

Thissectionpresentsthemaximumlikelihoodestimationresultsof thehazardfunctionframe-
work outlinedin theprevioussectionusingadministrativedata.Theestimationof suchacom-
plex modelis computationallydemanding.Also, anumberof issuesmustbeaddressedbefore
dwelling into theresults.

11 ����������� is thep.d.f. of oneof thedistributionswe have examined(normal,log-normal,exponential,student
andweibull distributions).
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4.1 Functional Forms Assumptions

As mentionedin theprevioussection,it is necessaryto specifyabaselinedistributionfunction
for eachtransitionconsideredin the model. Whenselectinga particularfunctional form, a
numberof desirablepropertiesshouldbesought.First, theadopteddistribution shouldallow
a numberof differentshapesof thehazardfunctionso that variouscombinationsof positive
andnegative durationdependencearepossible.Second,the functional form chosenshould
roughlyfollow thepatternof transitionstimesfoundin thedata.Finally, thefunctionalforms
shouldinvolveasfew parametersaspossible.

Thedataat ourdisposalwasanalyzedin Fortin et al. (1999a)usingnon-parametrickernel
hazardestimators.Thebaselinehazardfunctionswerechosenon thebasisof their analysis.
Table3 reportsthefunctionalform usedin eachof the24 transitionsconsideredin themodel.
Both thelog-logisticandthepiecewiseconstantfunctionsallow non-monotonichazards.For
many transitions,the empiricalhazardfunctionsinitially increasefor a shortperiodof time
andthendisplayanextendedperiodof negativedurationdependence.Thelog-logistic func-
tion is bestsuitedin thesecases.Whentheempiricalhazardfunctionlooksrelatively flat, it is
preferableto useanexponentialmodelwith a singleparameter. Othernon-monotoneshapes
arebestapproximatedwith thepiecewiseconstanthazardfunction. Monotoneincreasingor
decreasingempiricalhazardratescanbesatisfactorily approximatedwith a weibull distribu-
tion function.

4.2 ExogenousCovariates

Most studieson labourmarket transitionsincludea numberof exogenousindividual-specific
and macroeconomicvariables. It is thus customaryto include variablessuchas age,sex,
educationandminority statusto capturebehavioural differencesacrossthesegroups.In this
paperwe have tried to limit thenumberof exogenouscontrolvariablesasmuchaspossible.
Giventheunusuallylargenumberof transitionsconsideredin theanalysis,includingevenas
little as10 exogenousvariableswould have over-parameterizedthe likelihoodfunction and
renderedits estimationpracticallyinfeasible.

An alternativeempiricalstrategy is to circumscribethesampleto relatively homogeneous
individualsin termsof observablecharacteristics.Wehaveelectedto concentrateourattention
on youngandpoorly educatedmenfor two reasons:(1) They have faredrelatively poorly on
thelabourmarket over thepastdecade(seeBeaudryandGreen(1997);(2) As aconsequence
of their deterioratinglabourmarket outcomes,they have beentargetedfor welfare training
programs.Having a relatively homogeneoussamplein termsof ageandeducationdoesnot
remove the needto control for suchvariablesexplicitly. On the other hand,Gritz (1993)
hasfound thesevariablesto have no impactwhatsoever on any of the transitionsconsidered
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in his model. Furthermore,Bonnalet al. (1997)alsousesthe samestrategy to avoid over-
parameterizingthelikelihoodfunctionof theirmodel.

Themodelincludesthefollowingcovariates:minimumwage,unemploymentrate,welfare
benefits,dummyindicatorsfor previoustrainingundereitherwelfareor UI, andtheUI basic
benefitrate. The basicbenefitrate is the proportionof the insurableearningsthat is paid
asbenefits.The rateremainedconstantat 60% between1987andApril 1993,whenit was
reducedto 57%. The minimum wageand the welfare benefitsare computedmonthly and
deflatedby the monthly ConsumerPrice Index (CPI). The monthly unemployment rate is
computedfor menaged25-64for theProvinceof Québec.

All the variablesarecomputedat the beginning of eachspell andareassumedconstant
throughoutthedurationof thespell.While thebasicbenefitrateonly hastwo distinctvalues,
its identificationreliesessentiallyon thefactthatspellshavedifferentstartingdates.

4.3 Parameter Estimates

Table4 presentsthe parameterestimatesof six differentspecifications.The tablerunsover
severalpages.Eachpagefocusesonthetransitionsoutof aparticularstate.Thefirst columnof
thetablereportstheparameterestimatesundertheassumptionof nounobservedheterogeneity.
Under this assumption,the transitionsout of eachstatecould be estimatedseparatelyasa
competingrisksmodel.Thespecificationof thesecondcolumnis a two-factorloadingmodel
basedon a finite numberof pointsof support.This specificationis typical of thosefound in
theliterature.Thenext threespecificationsof thetablearetwo-factorloadingmodelsthatuse
continuousdistributions.Thethird columnusesa log-normaldistribution to draw therandom
components.Columns4 and5 bothuseweibull distributions,but the latterspecificationalso
controlsfor previous training. Finally, the specificationof the last column is a tree-factor
loadingmodelthatusesaweibull distributionto draw therandomcomponentsandwhichalso
controlsfor pasttraining.12

An examinationof Table4 revealsinterestingresults.Giventhelargenumberof parameter
estimates,it would beunreasonableto discusseachof themin turn. Instead,wewill focuson
themainresultspertainingto eachstateconsideredin themodel.

12The modelwasalsoestimatedusingnormal,student-t,��� andgammadistributions. Theseresultsarenot
reportedherefor thesakeof brevity, but areavailableonrequest.Thepreferredspecificationsarethosebasedon
theweibull distribution for two reasons.First, asshown in HeckmanandSinger(1984)(p. 276) theparameter
estimatesbasedon theweibull distribution arevery similar to thosebasedon discretedistributionswith a finite
numberof masspoints.Giventhelatterarerobustto specificationerrorson thedistribution of theheterogeneity
components,the weibull distribution appearsto depictsimilar properties.Second,as in HeckmanandSinger
(1984),thevaluesof likelihoodfunctionbasedon theweibull distribution areusuallylargerthanthosebasedon
otherdistributions.
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4.3.1 Exits fr om Welfare

As indicatedabove,thecolumnsof Table4arearrangedin anincreasingorderof complexity in
termsof unobservedheterogeneityand/orin termsof thenumberof controlvariables.Thefirst
panelof thetablefocuseson welfare.Exits to asmany asfive differentstatesareconsidered.
As a rule, the resultsarevery robust to the type of unobserved heterogeneityconsideredin
the model. The specificationof the first column, i.e. whenunobserved heterogeneityis not
accountedfor, yields parameterestimatesthataresignificantlydifferentfrom thoseof other
specifications.

As expected,increasesin welfarebenefitsdecreasestheexit ratesfrom welfare.Theresult
is statisticallysignificantin transitionstowardstraining, work andOLF states.Increasesin
theunemploymentratetranslateinto increasesin the transitionstowardwelfaretrainingand
OLF, but lower transitionsinto JRP. This latter result is compatiblewith the fact that wel-
fareclaimantsmaybemotivatedto increasetheiremployability whenjob prospectsdiminish.
Similarly, firms maybelessinclinedto hire traineesundertheJRPprogramwhentheunem-
ploymentraterises.

Interestingly, increasesin theminimumwagerateincreasesthetransitionstowardswelfare
training, JRPandunemployment,but hasno impacton transitionsinto employment. This
result is compatiblewith the resultsfound in a recentpaperby Fortin andLacroix (1997).
In that paperit wasfound usinga similar samplethat increasesin the minimum wagerate
increasedexits from welfare.Sincethetransitionstatewasnotknown, thiswasinterpretedas
evidencethatfirms werenot constrainedby theminimumwagerate. Instead,an increasein
thelatterwasinterpretedasattractinga numberof welfareclaimantsontothelabourmarket.
Theresultsreportedhereprovideacompletelydifferentstory. Indeed,it appearsthatincreases
in theminimumwagerateinducewelfareclaimantsto increasetheiremployability but donot
translateinto a largernumberbeingemployed. Quiteto thecontrary, theincreasedtransition
ratesfrom welfareto unemploymentsuggestthata numberof individualsthatwereworking
while claimingwelfarebenefitsmayhavelost their job following theincreasein theminimum
wagerate.

Increasesin thebasicbenefitratemake unemployment,andpossiblyemployment,more
attractivealternativesfor welfareclaimants.Theparameterestimatesdo notsupportthis con-
jecturesincethey areeithernot statisticallysignificantor marginally significant.On theother
hand, they are negative and statisticallysignificantwith respectto transitionsinto welfare
trainingandOLF. A priori onewould have expectedtheseparameterestimatesnot to besta-
tistically significant.Consequently, it not clearhow to interprettheseresults.

Columns4 and 5 are identical specificationsexcept for the inclusion of threedummy
indicatorsfor pasttrainingin thelatterspecification.Thesedummyvariablesareequalto one
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wheneverawelfareclaimanthasexperiencedat leastonetrainingprogramprior to thecurrent
welfarespell. Implicitly, it is assumedthattheimpactof pasttrainingspellsdoesnotwearoff
with timenor doesit accumulatewith repeatusesof trainingprograms.

Theinclusionof thesedummyvariablesimpactsboththebaselinehazardparametersand
theslopeparameterssomewhat. Theparameterestimatesrevealseveral interestingeffectsof
trainingon time spenton welfare. First, pastoccurrencesof JRPincreasesthe likelihoodof
leaving welfarefor welfaretraining,but decreasesthe likelihoodof enteringunemployment
or employment. Likewise, pastoccurrencesof welfare training increasesthe likelihoodof
transitingfrom welfareto JRP. In orderto transitfrom welfareto unemployment,anindivid-
ual mustwork while claimingbenefits.Theparameterestimatessuggeststhat thesetraining
programsareperceivedto someextentassubstitutesto regularjobsby welfareclaimants.

Thelasttwo columnsof thetableareidenticalexceptfor thefactthatthreeloadingfactors
areusedin the last columninsteadof two. Using a richer specificationfor the unobserved
heterogeneitycomponentsmarginally decreasestheimpactof thedummytrainingvariables.

4.3.2 Exits fr om Unemployment

Thenext panelof thetablefocuseson thetransitionsout of unemployment. Most parameter
estimatesthat arestatisticallysignificanthave the expectedsign a priori . For instance,in-
creasesin theminimumwagerate,theunemploymentrateandthewelfarebenefitsincrease
the likelihoodof enteringwelfare upon leaving unemployment. As indicatedlower in the
table, unemployed individuals experiencegreaterdifficulty enteringemploymentwhen the
minimumwagerateandtheunemploymentrateincrease.Presumably, a numberof themex-
hausttheirbenefitsandenterwelfare.This is all themorelikely if welfarebenefitsincreaseas
well.

Otherresultspresentedin the tableindicatethatunemployed individualsaremorelikely
to entera new unemploymentspellwhenever theunemploymentrateincrease,but arelikely
to do so whenthe welfarebenefitsincrease.Increasesin the minimum wagerateincreases
the likelihoodof leaving unemploymentfor unemploymenttraining. This resultis similar to
what was found concerningtransitionsfrom welfare to welfare training. Finally, the basic
benefitrateis foundto increasethetransitionsfrom unemploymentto welfareandto decrease
transitionstowardemploymentasexpected.

A numberof parameterestimatesrelatingto thetrainingdummyvariablesarestatistically
significant.They indicatethatbothpastwelfareandUI trainingincreasethelikelihoodof en-
teringwelfareuponexiting unemployment.Ontheotherhand,pastwelfaretrainingdecreases
theprobabilityof enteringemploymentwhile pastUI traininghastheoppositeeffect. This re-
sult is consistentwith thosefoundby Fortin, FougèreandLacroix(1999b)usingdifferentdata
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andeconometricestimatorsandarealsoconsistentto someextentwith thoseof Gritz (1993)
andBonnalet al. (1997). In all threecasesit was found that participationin government-
sponsoredtraining programshaddetrimentaleffectson the labourmarket experienceof y-
oung men. It hasbeensuggestedthat potentialemployers may stigmatizeparticipationin
suchtrainingprograms.Becausetheseprogramsaredesignedto improve the labourmarket
opportunitiesof disadvantagedworkers,participationin the latermaybetakenasa signalof
unsatisfactoryperformancein previousemployment. Are resultsindicatethat trainingwhile
on welfareis detrimentalto men,but training while on unemploymentdoesnot convey the
samenegativesignal.

4.3.3 Exits fr om Employment

Thenext panelof thetablereportsresultsrelatingto exits from employment.Onceagain,most
parametersestimatesthatarestatisticallysignificanthave theexpectedsign. In particular, in-
creasesin theminimumwagerateis foundto increasethelikelihoodof leaving employment
for eitherwelfaretraining or unemployment,andto diminish considerablythe likelihoodof
transitingtowardsanotherjob. Increasesin welfarebenefitsarefound to increasethe transi-
tionsinto welfareandto decreasethelikelihoodof enteringwelfaretraining.

Theparameterestimateassociatedwith theunemploymentratehastheexpectedsignex-
ceptperhapswith respectto transitionsbetweenemploymentandunemployment.Indeed,the
parameterestimateimplies thatwhenever theunemploymentrateincreases,workersareless
likely to leave employmentto enterunemployment. Thereareseveralpotentialexplanations
for this result. First, it may well be that whenthe labourmarket deteriorates,workerswho
loosetheir job have difficulty qualify for UI benefits. They are thusmore likely to turn to
welfare,asindicatedin the top portion of the panel. Second,the deteriorationof the labour
marketmayinducesometo holdonto theircurrentjobslonger. Thefactthatall theparameter
estimatesarenegative,exceptfor welfare,in consistentwith this possibility. Consequently, it
is very likely thatemploymentspellslastlongerwhentheunemploymentrateincreases.

Thetrainingdummyvariablesin thefirst two portionsof thepanelaredefinedasin previ-
ouspanels.Thenext threeportionsof thepanelincludefour trainingdummyvariables.The
first of these,Wel. Tr � , is equalto oneif theindividualhasexperiencedwelfareor JRPtraining
at any time beforethe currentemploymentspell. The seconddummyvariable,Wel. Tr � , is
equalto oneif thestatejust prior to thecurrentemploymentspellwaseitherwelfareor JRP
training. The two otherdummyvariables,i.e. UI Tr � andUI Tr � , aresimilarly definedbut
relateto UI training. Includingthesedummyvariablesenablesusto verify theextentto which
thetrainingeffectstaperoff with time.
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The training variablesof the first two portionsof the tableshow interestingresults. For
instance,thosewhohaveparticipatedin welfaretrainingaremorelikely to entereitherwelfare
or welfaretraininguponexiting employment. Having participatedin JRPdecreasessubstan-
tially thelikelihoodof re-enteringwelfare,but alsoincreasesthelikelihoodof enteringwelfare
training. Thelast threesectionsof thepanelalsoreveal interestingresults.First, individuals
thatwerein UI training just prior to their currentemploymentspell aremuchmorelikely to
returnto UI uponleaving employment. On theotherhand,having gonethroughUI training
programsfurtherin thepasthasno noticeableeffect on this transition.Second,thelikelihood
of enteringtheOLF statefollowing employmentdecreasessubstantiallyif the individual ex-
periencedeitherUI or welfaretrainingin thepast.Theimpactis greaterwhenwelfaretraining
precededtheemploymentspellbut is not relatedto thetiming of theUI training.

4.3.4 Exits fr om OLF

The resultspresentedin the following panelrelateto the OLF state. Recall that this state
includesindividualsthataretruly out of the labourforcebut mayalsoincludefull-time stu-
dentsandnon-entitledunemployedworkers. Cautionmustthusbe exercisedin interpreting
theseresults. Surprisinglymany parameterestimatesturn out to be statisticallysignificant.
Of particularinterest,transitionsfrom OLF to employmentappearto bequitesensitive to the
economicenvironment.Exits from OLF arethusmorelikely whenthebenefitrateor themin-
imum wagerateincrease,andlesslikely wheneitherthe unemploymentrateor the welfare
benefitsincrease.

Theparameterestimatesrelatedto thewelfaretrainingvariablestell a ratherdisappointing
story. Indeed,pastparticipationin theseprogramsincreasethelikelihoodof enteringwelfare
or welfare training anew. On the other hand,pastparticipationin JRPdecreasesboth the
likelihoodof enteringwelfareandemploymentfollowing aspellof inactivity. Incidentally, UI
traininghasno impacton theexit ratesoutof OLF.

4.3.5 Exits fr om Training Programs

The penultimatepanelof Table4 reportsparameterestimatesrelatingto training programs.
Exits from the welfare training programsare sensitive to most exogenousvariablesof the
model. On theotherhand,theeconometricmodeldoesa poorerjob at predictingexits from
JRPand UI training programs. In thesetwo cases,only the minimum wagerate hasany
explanatorypower, albeitwith parameterestimatesof theexpectedsign.
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4.3.6 Unobserved Heterogeneity

Thelastpanelof thetablereportsthevalueof thelikelihoodfunctionof eachspecificationas
well astheparameterestimatesrelatingto theunobservedheterogeneity. Thefirst specifica-
tion doesnot control for unobservedheterogeneityandis thusa specialcaseof all theother
specifications.It is stronglyrejectedon thebasisof log-likelihoodratio tests.This is hardly
surprisinggiventhattheparameterestimatesof thisspecificationreportedin thepreviouspan-
elswerein somecasesstrikingly differentfrom thethosein which unobservedheterogeneity
wascontrolledfor.

Therobustnessof theparameterestimateswith respectto thedistributionof theunobserved
heterogeneityvariablescanbeinvestigatedby comparingcolumns2–4of thepreviouspanels
sincethesespecificationsinclude the sameset of exogenousvariables. Apart from a few
cases,theslopeparametersarerelatively insensitive to thechoiceof a particulardistribution
function.Themaindifferencesoccurwith respectto thebaselinehazardparameters.Bonnalet
al. (1997)alsofoundtheir resultsto berelatively insensitiveto thedistributionalassumptions
of theunobservedheterogeneityvariables.13 Theseresultsarealsoconsistentwith theresults
of HeckmanandSinger(1984)usingsingledurationsdata.

The specificationin column5 is similar to that in column4, exceptfor the inclusionof
pasttraining variables. A simple likelihoodratio teststronglyrejectsthe modelof column
4 in favour of that in column5. The inclusionof thesetraining dummyvariablesaltersfew
slopeandbaselinehazardparameters,the main differencesarisingwith respectto the OLF
andemploymenthazards.Finally, notethat thethree-factorloadingmodelof column6 nests
thetwo-loadingfactormodelof column5.14 A simplelog-likelihoodratio teststronglyrejects
thetwo-factorloadingmodelin favour of thethree-factormodel.

The rejectionof the two-factor loading model is relatively surprisinggiven that the s-
lope andbaselinehazardparameterestimatesof the two specificationsarenearly identical.
However, introducinga third heterogeneitycomponentconsiderablyaltersthe loadingfactor
parametersin the rightmostcolumnof the lastpanelof Table4. This suggeststhat the rich-
er specificationmay be bettersuitedto uncover selectioninto the differentstates,if any. In
order to investigatethis issue,we report in Table5 the correlationcoefficientsbetweenthe
heterogeneityvariablesthatareimplicit in eachspecificationalongwith their standarderrors.
The first panelis concernedwith the non-parametricandthe log-normaltwo-factor loading
models. Both specificationsyield similar coefficients except for correlationsinvolving UI
training. Accordingto theseestimates,thereis little selectivity into thewelfaretrainingpro-
grams.Indeed,thosewho aremorelikely to experiencesuchprogramsareno morelikely to

13In their work, they comparea two-factor loadingmodelwith finite pointsof supportwith a single-factor
loadingmodelthatdrawsheterogeneitytermsfrom ani.i.d. IN �����! "� distribution.

14Thenull assumptionis #%$'&�(*)+-, �.�0/ ,  1�!232324�65 .
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beemployedor unemployed,althoughthey aremorelikely to bein theOLF state.Ontheoth-
er hand,thereappearsto beconsiderableselectivity into JRP. Indeed,thecorrelationbetween
JRP, employmentandunemploymentarevery large andsignificant,whereasthe correlation
betweenJRPandOLF is largeandnegative.Suchselectionmayreflectindividualpreferences
but mayalsoreflectselectivity on thepartof programadministrators.

The next panelof Table 5 reportsthe correlationcoefficients of the two-factor loading
modelsbasedon theweibull distribution function. The two sectionsof thepanelonly differ
insofarasthespecificationof thelowerportionincludestrainingdummyvariables.Notefirst
that thecorrelationcoefficientsarenearlyidenticalto thoseof the log-normaldistribution of
thepreviouspanel.Theonly differenceconcernsthecorrelationcoefficient betweenwelfare
trainingandOLF which is not statisticallydifferent,andwhich reinforcesthe ideathat there
appearsto benoselectivity into theseprograms.Notealsothatthecorrelationcoefficientsthat
arestatisticallysignificantarenearlyidenticalbetweenthetwo sectionsof thepanel.

Thelastpanelof Table5 focusesonthecorrelationcoefficientsimplicit in thethree-factor
loadingmodel.Eachsectionof thepanelis relatedto thecorrelationcoefficientsin equations
(4)–(5),respectively. Hence,thefirst sectionis identicalto thepreviouspanels.Thecorrela-
tion coefficientsreportedin thissectiondiffer considerablyfrom thepreviousones.According
to theestimates,it now appearsthatthereis considerableselectivity into welfaretraining. In-
deed,thosewho aremorelikely to participatein theseprogramsarealsolesslikely to train
underJRPandalsoto find employment. This is in starkcontrastwith the previous results.
Othercorrelationcoefficientsarerelatively similar to thepreviousones.

The secondsectionof the panelreportsthe correlationcoefficients with respectto the
origin states.Largeheterogeneityvaluesin theorigin statetranslateinto shortspelldurations.
Consequently, thecorrelationsreflectthefrequency with which individualstransitacrossthe
variousstates.Theestimatesshow thatindividualswho aremorelikely to have shortwelfare
trainingspellsarealsolikely to have long JRPspells.Similarly, long welfaretrainingspells
arecorrelatedto longOLF spells,whereasto converseappliesto JRPspells.

The last sectionof the panelreportsthe implicit correlationsbetweenthe origin andthe
destinationstates.Note that thecorrelationmatrix neednot besymmetricnor doesthediag-
onalneedbeequalto unity. On theotherhand,therestrictionsthatwereimposedto achieve
identificationof the loadingparametersimply that the first row of thematrix is equalto the
first row of thematrixof themiddlesection.

For the sake of brevity we will focusour attentionon the most interestingcorrelations.
Theestimatessuggestthatthosewhoaremorelikely to havelongwelfarespellsarelesslikely
to enterwelfaretrainingandmorelikely to enterJRP(row 1). On theotherhand,thosewho
arelikely to have long welfaretrainingspellsarealsolikely to transitthroughwelfareandto
returnto welfaretraining,but muchlesslikely to transitthroughJRP(row 2). Similarly, row 3

24



indicatesthatindividualswhoarelikely to have longJRPspellsarelikely to returneventually
to JRPbut arealsomuchlesslikely to returnto eitherwelfareor welfaretrainingin thefuture.

The correlationspresentedin Table5 clearly indicatethat participationin eitherwelfare
trainingprogramsor JRPis stronglycorrelatedto unobservablecharacteristics.Theestimates
alsosuggestthatparticipantsin JRParesystematicallydifferentfrom thosewhoparticipatein
welfaretraining programs.Finally, we find very little evidenceof selectionbiasinto the UI
trainingprograms.

5 Conclusion

Theanalysishasfocusedon anexaminationof the impactof government-sponsoredtraining
programsaimedat disadvantagedmaleyouthson their labourmarket transitions. We have
electedto concentrateour attentionon this groupsincethey have faredrelatively poorly on
thelabourmarket over thepastdecadein Canadaby all accounts.Therichnessof thedataat
ourdisposalhasallowedusto recreateverydetailedindividualhistoriesovera relatively long
period.As many assevendistinctstateson thelabourcouldbeidentifiedin thedata.

This studyhasapplieda continuoustime durationmodel to estimatethe densityof du-
ration timesin thesesevenstates,controlling for theendogeneityof an individual’s training
status.Mostpreviousstudieshaveusedsurvey or administrativedatathatwerelessamenable
to thekind of analysisperformedin this paper. Dependingon thenatureof thedata,complex
adjustmentsto themodelwereoftenrequiredto accountfor potentialproblemsrelatedto s-
tock samplingandinitial conditions.Fortunately, we wereableto avoid thesedifficultiesby
recreatingeachindividual’s historyasearlyasage16, the legal school-leaving agein Cana-
da. Consequently, the initial statecanbe safelyconsideredexogenous,andthe subsequent
durationtimesvoid of any form of bias.

Thereis noconsensusin theliteratureconcerningtheappropriatetreatmentof unobserved
heterogeneityin multi-statesmulti-episodesdurationmodels.Whenfew statesareconsidered,
two-factorloadingmodelswith a finite setof pointsof supporthave becomerelatively stan-
dard.Whentheanalysisfocusesonmorestates,factorloadingmodelsrequirea largenumber
of parametersto beflexible or becomerelatively restrictive if a parsimoniousspecificationis
used.In this paperwehavechosento investigatethesensitivity of theparameterestimatesby
comparingatypicalnon-parametricspecificationandaseriesof parametrictwo-factorloading
models.Thesemodelshave assumedthat theintensityof transitionswererelatedto thestate
of destination.We have alsoestimateda parametricthree-factorloadingmodel. Thenovelty
of this specificationlies in thefact that the intensitiesof transitionsarerelatedto bothto the
stateof destinationandthestateof origin.
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Theestimationof themodelyieldsa numberof interestingresults.As found in previous
studies,unobservedheterogeneityappearsto play an importantrole in determiningwho se-
lectsor getsselectedin trainingprograms.On theotherhand,theslopeandbaselinehazard
parameterestimatesarenot very sensitive to the choiceof a particulardistribution function
for theunobservedheterogeneityvariables.The two-factorloadingmodelsyield essentially
thesameresults.Theseshow thatthedurationtimesin any of thesevenstatesconsideredare
sensitive to variationsin programparameterssuchaswelfarebenefits,minimum wagerate,
UI basicbenefitrateandtheunemploymentrate.Nearlyall theparameterestimateshave the
expectedsignwhenstatisticallysignificant.

Theresultspertainingto theimpactof thetrainingprogramsaresimilar to thosefoundear-
lier by Gritz (1993),Bonnalet al. (1997)andFortin et al. (1999a).In essence,young,poorly
educatedmaleswhoparticipatein welfaretrainingprogramsdofarworseonthelabourmarket
thanthosewho do not participate.Participationin theJobRe-EntryProgram,a distinctwel-
faretrainingprograms,yieldsbetterresultsin termsof employment.Participantsalsoappear
to returnmuchlessto welfarethanthosewhousestandardwelfaretrainingprograms.Finally,
participationin a UI relatedtrainingprogramyieldspositive resultsin termsof employment,
but it alsoraisesthelikelihoodof experiencingbothwelfareandwelfarespells.

Our estimatesclearly indicatethatparticipationin the training programsis definitely re-
latedto unobservablecharacteristics.More interestingly, they stressthatparticipantsin JRP
andthosein welfaretrainingprogramsaredistinctgroups.To theextentwe have adequately
accountedfor suchselectivity, themeasuredimpactsof thevarioustrainingprogramsshould
notbecontaminatedby selectivity biases.

Thereareanumberof extensionsto theempiricalresultspresentedabovethatwarrantfur-
therinvestigation.Certainly, it wouldbepreferableeventuallyto controlexplicitly for ageand
schoolinglevels.Althoughwe haveselectedour samplesoasto limit theextentof variations
in thesevariables,not controllingexplicitly for themmayamplify the impactof unobserved
heterogeneity. Secondly, the exogenousvariablesareall measuredat the beginning of each
spell,asis customaryin the literature.A moresatisfactorystrategy presumablywould be to
make thesevariablestime dependent,giventhatsomespellsarerelatively lengthy. Finally, it
wouldbeinterestingto comparetheseresultswith thosebasedonasimilarsampleof women.
It is generallyacknowledgethat youngfemalecohortshave performedrelatively betterthan
comparablemalecohortsin Canadaoveroursampleperiod.Theresultsreportedin thispaper
suggestthattheseextensionsmaywell beworthpursuing.
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Table 1
SampleCharacteristics

Mean Std.dev. Mean Std.dev.
Individual without training

Agewhenenteringthesample 19.92 1.84
Education 9.84 1.03
Durationof employmentepisodes(weeks)

�
26.15 30.47

Durationof welfareepisodes(weeks)
�

35.63 34.43
Durationof unemploymentepisodes(weeks)

�
39.90 11.99

Durationof OLF episodes(weeks)
�

42.99 50.95
Proportionof time employed(weeks)

�
0.18

Numberof observations 1165

Individual with training
Agewhenenteringthesample 19.77 (1.95)
Education 9.72 (1.03)

Before training After training
Durationof employmentepisodes(weeks)

�
24.26 37.13 17.44 18.25

Durationof welfareepisodes(weeks)
�

54.90 54.86 35.14 51.09
Durationof unemploymentepisodes(weeks)

�
41.25 14.41 35.73 16.83

Durationof OLF episodes(weeks)
�

30.78 38.86 18.66 21.16
Proportionof time employed(weeks)

�
0.17 0.16

Numberof observations 1903�
Calculatedfromnoncensoredepisodes.�
Calculatedfrommeanduration in employment,unemployment,welfare andOLF.

Table 2
Frequencyof Transitions BetweenStates

Destination Welfare Welfare JRP U.I. U.I. Employment OLF
Origin Training Training
Welfare 0 1809 140 88 0 1851 1134
WelfareTraining 432 0 67 6 0 438 306
JRP 21 4 0 7 0 192 29
U.I. 374 38 2 292 111 1380 1404
U.I. Training 2 1 0 114 0 16 2
Employment 1002 229 35 2918 41 2004 4662
OLF 2614 235 9 523 2 3815 0



Table 3
BaselineHazard Functional Forms

�
Dest. Welfare Welfare JRP U.I. U.I. Emp. OLF

Origin Training Training
Welfare Exp (1) Exp (1) Exp (1) Exp (3) Exp (1)
Wel Tr Log-logis. Log-logis. Log-logis.
JRP Exp (1)
U.I. Exp (2) Exp (2) Exp (1) Exp (3) Exp (2)
U.I. Tr Exp (1)
Emp Log-logis. Weibull Log-logis. Log-logis. Log-logis.
OLF Exp (2) Exp (2) Exp (2) Exp (2)�

“Exp” refersto exponentialpiecewise constanthazardmodel. The numberof parametersareindicatedbe-
tweenparentheses.



Table 4
Parameter Estimates– Exits fr om Welfare

No Het Non-Para Log-Normal Weibull Weibull Weibull
2 Factors 2 Factors 3 Factors

Welfare to Welfare Training
Baseline� 12.951

�
11.769

�
9.916

�
9.736

�
7.437

�
7.511

�

Replacement -41.844
�

-34.680
�

-34.591
�

-34.500
�

-30.710
�

-30.722
�

Minimum Wage 11.507
�

10.464
�

10.555
�

10.624
�

10.132
�

10.127
�

UnempRate 1.837
�

0.641
�

0.659
�

0.659
�

0.855
�

0.858
�

WelfareBen. -0.267 -1.202
�

-1.165
�

-1.169
�

-1.058
�

-1.046
�

Wel. Tr. � 0.133 0.126
JRP� 0.486

�
0.486

�

U.I. Tr. � 0.123 0.127
Welfare to JRP

Baseline� -16.915
�

-12.068 -20.602
�

-21.019
�

23.330
�

-23.004
�

Replacement -2.948 10.486 11.451 11.010 14.679 14.800
Minimum Wage 24.425

�
20.061

�
20.504

�
20.511

�
20.177

�
19.689

�

UnempRate 0.114 -2.402
�

-2.477
�

-2.465
�

-2.301
�

-2.304
�

WelfareBen. 1.389 0.081 0.093 0.046 0.115 0.095
Wel. Tr. � 0.562

�
0.561

�

JRP� -0.011 -0.039
U.I. Tr. � 0.112 0.109

Welfare to Unemployment
Baseline� 2.275 0.160 -5.840 -6.134 -3.910 -3.511
Replacement -30.577

�
-16.447 -15.796 -16.035 -19.417

�
-18.808

�

Minimum Wage 12.777 16.201
�

16.575
�

16.565
�

16.483
�

15.791
�

UnempRate 1.538
�

-0.399 -0.446 -0.451 -0.568 -0.547
WelfareBen. 1.579

�
0.672 0.682 0.626 0.571 0.456

Wel. Tr. � 0.232 0.210
JRP� -2.164

�
-2.139

�

U.I. Tr. � 0.594 0.531
Welfare to Work

Baseline� -6.268
�

5.172
�

-1.084 -1.426 -0.781 -0.902
-6.786

�
4.757

�
-1.501 -1.836 -1.194 -1.250

-7.623
�

4.039
�

-2.253 -2.580 -1.941 -1.910
Replacement -0.201 -2.715 -2.268 -2.469 -3.464 -2.834
Minimum Wage 6.019

�
-0.608 -0.470 -0.447 -0.345 -0.266

UnempRate -0.322
�

-0.106 -0.127 -0.126 -0.209 -0.219
WelfareBen. -1.107

�
-1.214

�
-1.204

�
-1.231

�
-1.272

�
-1.342

�

Wel. Tr. � 0.027 0.020
JRP� -0.454

�
-0.436

�

U.I. Tr. � 0.314 0.273
Welfare to OLF

Baseline� -2.676 -1.632 -1.661 -1.858 -1.136 -1.025
Replacement -3.865 -6.066

�
-6.159

�
-5.847 -6.859

�
-6.669

�

Minimum Wage -1.026 -1.394 -1.424 -1.268 -1.130 -1.055
UnempRate 0.396

�
0.500

�
0.484

�
0.508

�
0.382 0.425

�

WelfareBen. -0.847
�

-0.621
�

-0.522
�

-0.590
�

-0.632
�

-0.684
�

Wel. Tr. � -0.209 -0.242
JRP� -0.276 -0.233
U.I. Tr. � 0.708

�
0.597

�

� Exponentialhazard.� Exponentialhazard – splines.� Dummyindicator for anypreviouswelfare training.� Dummyindicator for anypreviousJRP.� Dummyindicator for anypreviousU.I. training.



Table4 (Continued)
Parameter Estimates– Exits fr om Unemployment

No Het Non-Para Log-Normal Weibull Weibull Weibull
2 Factors 2 Factors 3 Factors

Unemploymentto Welfare
Baseline� -20.617

�
-28.243

�
-29.821

�
-29.848

�
-29.184

�
-29.120

�

-17.591
�

-25.197
�

-26.775
�

-26.805
�

-26.039
�

-25.969
�

Replacement 22.900
�

31.891
�

31.726
�

31.632
�

31.541
�

31.616
�

Minimum Wage -5.551 5.312
�

5.125
�

5.129
�

3.266 3.236
UnempRate 1.695

�
0.907

�
0.921

�
0.921

�
1.084

�
1.093

�

WelfareBen. 1.620
�

1.289
�

1.313
�

1.314
�

1.403
�

1.401
�

Wel. Tr. � 0.590
�

0.583
�

JRP� -0.045 -0.046
U.I. Tr. � 2.161

�
2.171

�

Unemploymentto Unemployment
Baseline� -20.463

�
-1.743 -7.615 -7.912 -7.524 -7.390

-16.030
�

2.695 -3.168 -3.473 -3.016 -2.884
Replacement 3.966 -1.913 -1.024 -1.382 -1.547 -1.442
Minimum Wage 22.232

�
1.669 1.197 1.309 0.371 0.192

UnempRate 0.901
�

0.947
�

0.981
�

0.973
�

1.042
�

1.065
�

WelfareBen. -1.245
�

-1.235
�

-1.179
�

-1.203
�

-1.161
�

-1.153
�

Wel. Tr. � 0.315 0.338
JRP� 0.305 0.301
U.I. Tr. � 1.477

�
1.473

�

Unemploymentto UnemploymentTraining
Baseline� -2.325 -6.534 -10.807 -10.988 -10.621 -10.482
Replacement -15.630

�
-4.039 -4.201 -4.171 -5.389 -5.474

Minimum Wage 4.588 11.050
�

11.140
�

11.207
�

11.962
�

11.915
�

UnempRate 1.758 0.329 0.311 0.299 0.202 0.210
WelfareBen. 0.934 0.160 0.192 0.203 0.190 0.203
Wel. Tr. � -0.398 -0.408
U.I. Tr. � -0.144 -0.146

Unemploymentto Work
Baseline� -5.570

�
10.517

�
4.550

�
3.985 4.577

�
4.730

�

-3.400 12.708
�

6.753
�

6.181
�

6.788
�

6.938
�

Replacement -3.153 -10.825
�

-10.570
�

-10.526
�

-11.610
�

-11.669
�

Minimum Wage 8.237
�

-3.261
�

-3.719
�

-3.532
�

-3.364
�

-3.478
�

UnempRate -0.801
�

-0.266 -0.225 -0.235 -0.277 -0.269
WelfareBen. -0.683

�
-0.337 -0.299 -0.326 -0.342 -0.330

Wel. Tr. � -0.385
�

-0.368
�

JRP � 0.150 0.156
U.I. Tr. � 0.774

�
0.784

�

Unemploymentto OLF
Baseline� -13.698

�
-10.051

�
-9.952

�
-10.042

�
-9.426

�
-9.302

�

-10.723
�

-7.069
�

-6.986
�

-7.079
�

-6.418
�

-6.293
�

Replacement 7.977
�

6.497
�

6.104
�

6.375
�

5.533 5.353
Minimum Wage 8.652

�
2.008 2.358 2.402 2.015 1.984

UnempRate -0.054 -0.236 -0.295 -0.305 -0.271 -0.252
WelfareBen. -0.284 -0.390 -0.406 -0.396 -0.378 -0.361
Wel. Tr. -0.098 -0.127
JRP 0.045 0.061
U.I. Tr. 1.399

�
1.353

�

� Exponentialhazard.� Exponentialhazard – splines.� Dummyindicator for anypreviouswelfare training.� Dummyindicator for anypreviousJRP.� Dummyindicator for anypreviousU.I. training.



Table4 (Continued)
Parameter Estimates– Exits fr om Employment

No Het Non-Para Log-Normal Weibull Weibull Weibull
2 Factors 2 Factors 3 Factors

Work to Welfare
Baseline� -7.102

�
-7.122

�
-7.093

�
-7.094

�
-7.066

�
-7.057

�

1.825
�

1.829
�

1.823
�

1.823
�

1.815
�

1.812
�

Replacement -10.487
�

-7.783
�

-10.196
�

-10.328
�

-10.415
�

-10.336
�

Minimum Wage 0.165 1.045 0.230 0.207 0.172 0.175
UnempRate 1.022

�
0.939

�
1.002

�
1.008

�
1.083

�
1.087

�

WelfareBen. 1.078
�

0.977
�

1.050
�

1.050
�

1.026
�

1.038
�

Wel. Tr. � 0.698
�

0.692
�

JRP� -1.167
�

-1.166
�

U.I. Tr. � -0.313 -0.306
Work to Welfare Training

Baseline� -29.322
�

7.320 5.564 5.571 2.880 3.647
3.352

�
-0.012 -0.019 -0.020 -0.004 -0.006

Replacement -35.936
�

-43.508
�

-43.520
�

-43.638
�

-34.009
�

-35.355
�

Minimum Wage 25.433
�

26.226
�

26.392
�

26.342
�

18.898
�

18.242
�

UnempRate -0.107 -0.610 -0.623 -0.614 -0.282 -0.161
WelfareBen. -1.249

�
-1.389

�
-1.380

�
-1.374

�
-0.818 -0.629

Wel. Tr. � 1.281
�

1.267
�

JRP� 0.510
�

0.500
�

U.I. Tr. � -1.067
�

-0.996
Work to Unemployment

Baseline� -6.340
�

-6.453
�

-6.492
�

-6.468
�

-6.474
�

-6.445
�

0.687
�

0.678
�

0.671
�

0.671
�

0.673
�

0.672
�

Replacement -2.411
�

7.297
�

-0.444 -1.208
�

-1.309
�

-1.171
�

Minimum Wage 3.196
�

5.624
�

3.772
�

3.612
�

3.734
�

3.757
�

UnempRate -0.805
�

-0.959
�

-0.934
�

-0.896
�

-0.898
�

-0.910
�

WelfareBen. -0.086 -0.436
�

-0.228 -0.251 -0.265
�

-0.261
�

Wel. Tr1� 0.101 0.111
Wel. Tr2� -0.216 -0.214
U.I. Tr1� -0.130 -0.125
U.I. Tr2	 1.524

�
1.484

�

Work to Work
Baseline� -4.758

�
-4.722

�
-4.683

�
-4.687

�
-4.698

�
-4.713

�

1.187
�

1.155
�

1.136
�

1.143
�

1.147
�

1.162
�

Replacement -0.583 9.910
�

1.320
�

0.557 0.094 0.123
Minimum Wage -3.339

�
-1.263

�
-2.959

�
-3.021

�
-2.452

�
-2.467

�

UnempRate -0.953
�

-1.019
�

-1.046
�

-1.036
�

-1.030
�

-1.036
�

WelfareBen. 0.013 -0.285
�

-0.122 -0.142 -0.180 -0.159
Wel. Tr1� -0.248 -0.240
Wel. Tr2� -0.122 -0.123
U.I. Tr1� 0.014 0.027
U.I. Tr2	 -0.667 -0.716

Work to OLF
Baseline� -6.350

�
-6.283

�
-6.332

�
-6.336

�
-6.356

�
-6.310

�

1.650
�

1.626
�

1.641
�

1.642
�

1.645
�

1.628
�

Replacement -0.060 -0.267 -0.480
�

-0.319 -1.205
�

-1.246
�

Minimum Wage -3.623
�

-3.903
�

-3.774
�

-3.811
�

-2.606
�

-2.717
�

UnempRate -0.974
�

-0.916
�

-0.911
�

-0.908
�

-0.915
�

-0.877
�

WelfareBen. 0.268
�

0.321
�

0.317
�

0.333
�

0.260
�

0.295
�

Wel. Tr1� -0.282
�

-0.286
�

Wel. Tr2� -0.572
�

-0.586
�

U.I. Tr1� -0.488
�

-0.453
�

U.I. Tr2	 -1.233 -1.237

� Log-logistic.� Dummyindicator for anypreviouswelfare training.� Dummyindicator for anypreviousJRP.� Dummyindicator for anypreviousU.I. training.
Dummyindicator for prior state:welfare training.
Dummyindicator for prior state:U.I. training.



Table4 (Continued)
Parameter Estimates– Exits fr om OLF

No Het Non-Para Log-Normal Weibull Weibull Weibull
2 Factors 2 Factors 3 Factors

OLF to Welfare
Baseline� 9.050

�
-21.852

�
-23.272

�
-23.247

�
-21.271

�
-21.201

�

8.014
�

-22.698
�

-24.168
�

-24.150
�

-22.170
�

-22.082
�

Replacement -6.865
�

24.985
�

24.469
�

24.301
�

21.054
�

21.196
�

Minimum Wage -22.989
�

10.913
�

10.664
�

10.630
�

10.589
�

10.576
�

UnempRate 0.384
�

-0.425
�

-0.378
�

-0.376
�

-0.386
�

-0.396
�

WelfareBen. 1.759
�

-0.002 0.039 0.049 0.038 0.032
Wel. Tr. � 0.261

�
0.251

�

JRP� -1.236
�

-1.229
�

U.I. Tr. � 0.106 0.101
OLF to Welfare Training

Baseline� 17.926
�

-6.003
�

-10.899
�

-10.984
�

-8.832
�

-8.868
�

16.876
�

-6.818
�

-11.706
�

-11.791
�

-9.634
�

-9.662
�

Replacement -64.337
�

-29.309
�

-25.939
�

-25.960
�

-25.370
�

-26.066
�

Minimum Wage 23.722
�

34.225
�

36.886
�

36.923
�

30.886
�

31.237
�

UnempRate 1.865
�

0.547 0.351 0.341 0.940 0.961
WelfareBen. 1.757

�
-1.772

�
-1.824

�
-1.819

�
-1.769

�
-1.681

�

Wel. Tr. � 0.710
�

0.711
�

JRP� -0.036 -0.087
U.I. Tr. � 0.105 0.201

OLF to Unemployment
Baseline� 17.926

�
-6.003

�
-10.899

�
-10.984

�
-8.832

�
-8.868

�

16.876
�

-6.818
�

-11.706
�

-11.791
�

-9.634
�

-9.662
�

Replacement -18.873
�

10.249
�

9.571
�

8.979
�

4.909 5.430
Minimum Wage -24.418

�
8.757

�
8.562

�
8.549

�
9.187

�
9.175

�

UnempRate -1.791
�

-2.838
�

-2.892
�

-2.919
�

-2.926
�

-2.984
�

WelfareBen. 1.047
�

-0.309 -0.321 -0.326 -0.351 -0.359
Wel. Tr. � -0.913

�
-0.906

�

JRP� -0.046 -0.043
U.I. Tr. � -0.380 -0.375

OLF to Work
Baseline� 11.804

�
-2.367 -8.492

�
-8.596

�
-6.903

�
-6.977

�

11.148
�

-2.701
�

-8.830
�

-8.923
�

-7.233
�

-7.313
�

Replacement -6.325
�

12.069
�

12.465
�

11.915
�

9.093
�

9.477
�

Minimum Wage -22.641
�

3.718
�

3.725
�

3.742
�

3.719
�

3.664
�

UnempRate -1.950
�

-2.861
�

-2.896
�

-2.934
�

-2.938
�

-2.957
�

WelfareBen. 0.098 -0.554
�

-0.587
�

-0.593
�

-0.596
�

-0.585
�

Wel. Tr. � -0.008 -0.007
JRP� -0.612

�
-0.618

�

U.I. Tr. � 0.130 0.151

� Exponentialhazard.� Exponentialhazard – splines.� Dummyindicator for anypreviouswelfare training.� Dummyindicator for anypreviousJRP.� Dummyindicator for anypreviousU.I. training.



Table4 (Continued)
Parameter Estimates– Exits fr om Training

No Het Non-Para Log-Normal Weibull Weibull Weibull
2 Factors 2 Factors 3 Factors

Welfare Training to Welfare
Baseline� -4.927

�
-4.997

�
-4.951

�
-4.949

�
-4.950

�
-5.036

�

0.508
�

0.504
�

0.506
�

0.506
�

0.506
�

0.498
�

Replacement 14.105
�

16.989
�

14.470
�

14.324
�

14.326
�

15.040
�

Minimum Wage -16.050
�

-14.842 -15.840
�

-15.877
�

-15.893
�

-15.543
�

UnempRate -0.892
�

-1.027
�

-0.939
�

-0.923
�

-0.917
�

-0.989
�

WelfareBen. 0.325 0.131 0.287 0.277 0.277 0.158
Welfare Training to Work

Baseline� -3.971
�

-4.087
�

-4.107
�

-4.127
�

-4.123
�

-4.230
�

0.277
�

0.277
�

0.270
�

0.268
�

0.268
�

0.262
�

Replacement -3.450
�

5.666
�

-1.437 -1.959 -2.100 -1.484
Minimum Wage 3.294

�
7.772

�
3.949

�
3.702

�
3.769

�
3.901

�

UnempRate -0.957
�

-1.096
�

-0.884
�

-0.864
�

-0.857
�

-0.814
WelfareBen. -0.619 -1.233

�
-1.019

�
-1.063

�
-1.060

�
-1.234

�

Welfare Training to OLF
Baseline� -5.187

�
-5.135

�
-5.140

�
-5.124

�
-5.124

�
-5.151

�

0.403
�

0.405
�

0.401
�

0.403
�

0.403
�

0.404
�

Replacement -16.086
�

-16.959
�

-16.775
�

-16.747
�

-16.672
�

-16.234
�

Minimum Wage 14.358
�

14.417
�

13.960
�

13.989
�

13.957
�

14.333
�

UnempRate -0.483 -0.515 -0.430 -0.430 -0.439 -0.486
WelfareBen. -0.219 -0.012 -0.014 0.024 0.021 -0.108

JRPto Work
Baseline� 3.612 5.668 -3.143 -2.889 -3.037 -4.420
Replacement -14.331

�
-8.461 -5.173 -5.844 -5.767 -5.134

Minimum Wage 6.240 9.809 11.792 11.488 11.655 11.941
�

UnempRate -0.276 -0.877 -1.024 -1.035 -1.047 -1.104
WelfareBen. -0.581 -1.467 -1.438 -1.731 -1.731 -0.670

UnemploymentTraining to Unemployment
Baseline� 5.363 7.502

�
1.457 0.920 1.233 0.822

Minimum Wage -20.820
�

-11.370
�

-9.906
�

-9.984
�

-10.577
�

-10.712
�

UnempRate 0.480 1.571
�

1.452 1.525 1.559 1.544
WelfareBen. -0.084 0.369 0.157 0.231 0.213 0.506

� Log-logistic.� Exponentialhazard.



Table4 (Continued)
HeterogeneityParameters

No Het Non-Para Log-Normal Weibull Weibull Weibull
2 Factors 2 Factors 3 Factors

Probability 0.614
�



� -1.866

�


� -2.364

�
�
� -0.116 -0.221 -0.365 -0.184 -2.980

�
�
� 3.757

�
7.781

�
8.304

�
8.209

�
8.173

�
�
� 2.337

�
5.455

�
6.201

�
6.037

�
8.879

�
�
� 1.323 0.447 0.244 -1.091 -1.691�
	 2.585

�
5.493

�
6.432

�
6.168

�
7.722

�
��

-1.180
�

-2.501
�

-2.938
�

-2.876
�

-4.902
�

���
� 2.768

�
� �
� 3.093

�
� �
� -7.131

�
� �
� 0.333� �
� -8.563

�
� �
	 -0.437� � �

0.738
�

� -1.629
�

� -0.566
�

�
9.493

�
9.057

�
14.685

�
� 0.163

�
0.147

�
0.216

�

Log-likelihood -150668.6 -149774.2 -149847.8 -149818.9 -149474.8 149422.6�
Statisticallysignificantat 5%�
Statisticallysignificantat 10%



Table 5
Corr elationsBetweenHeterogeneityVariables

(Standard Err ors in Parentheses)

Welfare Welf. Tr. JRP UI UI Tr. Employ. OLF
TWO-FACTOR LOADING MODEL – NON-PARAMETRIC

Welfare 1.000 -0.157 0.982 0.954 0.875 0.962 -0.850
(0.195) (0.010) (0.010) (0.236) (0.007) (0.023)

Wel. Tr. 1.000 0.035 0.145 0.340 0.118 0.653
(0.200) (0.197) (0.495) (0.196) (0.150)

JRP 1.000 0.994 0.952 0.997 -0.734
(0.006) (0.151) (0.004) (0.051)

UI 1.000 0.980 1.000 -0.654
(0.098) (0.001) (0.052)

UI Tr. 1.000 0.974 -0.489
(0.111) (0.430)

Emplo. 1.000 -0.675
(0.048)

TWO-FACTOR LOADING MODEL – LOG-NORMAL DISTRIBUTION

Welfare 1.000 -0.216 0.992 0.984 0.408 0.984 -0.929
(0.263) (0.004) (0.004) (1.680) (0.004) (0.015)

Wel. Tr. 1.000 -0.089 -0.036 0.803 -0.037 0.563
(0.271) (0.272) (1.108) (0.272) (0.221)

JRP 1.000 0.999 0.521 0.999 -0.874
(0.002) (1.571) (0.002) (0.029)

U.I. 1.000 0.566 1.000 -0.846
(1.516) (0.000) (0.032)

UI Tr. 1.000 0.565 -0.040
(1.518) (1.841)

Emplo. 1.000 -0.847
(0.031)



Table5 (Continued)
Corr elationsBetweenHeterogeneityVariables

(Standard Err ors in Parentheses)

Welfare Welf. Tr. JRP UI UI Tr. Employ. OLF
TWO-FACTOR LOADING MODEL

WEIBULL DISTRIBUTION - NO DUMMY INDICATORS

Welfare 1.000 -0.343 0.993 0.987 0.237 0.988 -0.947
(0.266) (0.004) (0.004) (2.413) (0.003) (0.012)

Wel. Tr. 1.000 -0.228 -0.189 0.832 -0.195 0.627
(0.278) (0.281) (1.390) (0.280) (0.218)

JRP 1.000 0.999 0.351 0.999 -0.901
(0.001) (2.325) (0.001) (0.026)

U.I. 1.000 0.388 1.000 -0.883
(2.288) (0.027)

UI Tr. 1.000 0.383 0.089
(2.294) (2.475)

Emplo. 1.000 -0.886
(0.026)

TWO-FACTOR LOADING MODEL

WEIBULL DISTRIBUTION - WITH DUMMY INDICATORS

Welfare 1.000 -0.181 0.993 0.987 -0.737 0.987 -0.945
(0.337) (0.004) (0.004) (0.943) (0.003) (0.013)

Wel. Tr. 1.000 -0.061 -0.018 0.798 -0.021 0.494
(0.341) (0.344) (0.872) (0.344) (0.296)

JRP 1.000 0.999 -0.650 0.999 -0.898
(0.002) (1.062) (0.001) (0.027)

U.I. 1.000 -0.617 1.000 -0.878
(1.098) (0.000) (0.028)

UI Tr. 1.000 -0.619 0.918
(1.096) (0.552)

Emplo. 1.000 -0.880
(0.027)



Table5 (Continued)
Corr elationsBetweenHeterogeneityVariables

Thr ee-Factor Loading Model
(Standard Err ors in Parentheses)

Welfare Welf. Tr. JRP UI UI Tr. Employ. OLF
CORRELATION BETWEEN DESTINATION STATES

Welfare 1.000 -0.948 0.993 0.994 -0.861 0.992 -0.980
(0.026) (0.006) (0.002) (0.568) (0.002) (0.007)

Wel. Tr. 1.000 -0.902 -0.906 0.978 -0.899 0.992
(0.042) (0.038) (0.232) (0.040) (0.007)

JRP 1.000 0.998 -0.792 0.998 -0.948
(0.001) (0.682) (0.000) (0.020)

UI 1.000 -0.798 0.999 -0.951
(0.672) (0.001) (0.014)

UI Tr. 1.000 -0.788 0.945
(0.687) (0.363)

Emplo. 1.000 -0.946
(0.015)

CORRELATION BETWEEN ORIGIN STATES

Welfare 1.000 0.951 -0.990 0.316 -0.993 -0.401 0.594
(0.027) (0.006) (0.756) (0.006) (0.369) (0.197)

Wel. Tr. 1.000 -0.900 0.592 -0.909 -0.099 0.812
(0.046) (0.622) (0.045) (0.374) (0.123)

JRP 1.000 -0.181 1.000 0.524 -0.476
(0.784) (0.002) (0.346) (0.223)

U.I. 1.000 -0.204 0.743 0.951
(0.782) (0.467) (0.225)

UI Tr. 1.000 0.504 -0.496
(0.350) (0.221)

Emplo. 1.000 0.500
(0.310)

CORRELATION BETWEEN ORIGIN-DESTINATION STATES

Welfare 1.000 0.951 -0.990 0.316 -0.993 -0.401 0.594
(0.027) (0.006) (0.756) (0.006) (0.369) (0.197)

Wel. Tr. -0.948 -0.902 0.939 -0.299 0.942 0.380 -0.563
(0.026) (0.044) (0.028) (0.720) (0.028) (0.345) (0.197)

JRP 0.993 0.944 -0.983 0.313 -0.986 -0.398 0.589
(0.006) (0.028) (0.009) (0.751) (0.009) (0.367) (0.196)

UI 0.994 0.946 -0.984 0.314 -0.987 -0.398 0.590
(0.002) (0.028) (0.007) (0.751) (0.007) (0.367) (0.196)

UI Tr. -0.861 -0.819 0.852 -0.272 0.855 0.345 -0.511
(0.568) (0.544) (0.563) (0.725) (0.565) (0.367) (0.395)

Emplo. 0.992 0.944 -0.982 0.313 -0.985 -0.397 0.589
(0.002) (0.028) (0.007) (0.750) (0.007) (0.366) (0.196)

OLF -0.980 -0.932 0.970 -0.309 0.973 0.392 -0.582
(0.007) (0.031) (0.010) (0.742) (0.010) (0.360) (0.196)




