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Abstract

Theanalysidocusen anexaminationof theimpactof government-sponsorddain-
ing programsaimedat disadwantagednaleyouthson their labourmarket transitions.The
richnessof the dataat our disposalallows us to recreatevery detailedindividual histo-
riesover arelatively long period. As mary assevendistinct stateson the labourarebe
identifiedin the data.

We usea continuoustime durationmodelto estimatethe densityof durationtimes
in theseseven states,controlling for the endogeneityof an individual’s training status.
We investigatethe sensitvity of the parameterestimatesy comparinga typical non-
parametricspecificatiorwith a seriesof parametridawo-factorloadingmodels,aswell as
aparametridhree-actorloadingmodel.

Ourresultsshav thatyoung, poorly educatednaleswho participatein welfaretrain-
ing programsdo far worseon the labourmarket thanthosewho do not participate.Par
ticipationin theJobRe-EntryProgram(JRP),a distinctwelfaretrainingprogramsyields
betterresultsin termsof employment. Our estimateslearly indicatethat participantdn
JRPandthosein welfaretraining programsaredistinctgroups.
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1 Intr oduction

The impactof government-sponsoreiaining programshasbeenextensvely studiedin the
pastcoupleof decaded. In mary countries suchprogramshave becomean integral part of
public policiesaiming at enhancingself-suficiency amongvulnerablegroups. The program
costshave escalate@dsthey have becomemorecomprehensie andmoresystematicallyused.
Not surprisingly policy makershave shovn renevedinterestn obtainingaccurateandreliable
estimate®f their efficacy.

Thediscussionsurroundinghe efficacy or desirabilityof trainingprogramseston com-
plex methodologicalssues. The main concernlies with propertreatmentof anindividual's
decisionto participatein suchprograms. Severe biasesmay ariseif unobsered individual
characteristicghataffectthedecisionaresomehav relatedto theunobserablesthataffectthe
outcomeof participation. Two approachesave beenproposedn the evaluationliteratureto
addressheso-calledssueof “self-selection”. Thefirst is the“experimentabpproach”based
onrandomassignmenof applicantgnto treatmenbr controlgroups.The seconds the“non-
experimental”,or “econometricapproach”andrelieson non-randonsamplesf participants
and non-participants.Eachapproachacklesthe self-selectionissuefrom a differentangle,
but the relatve merit of eachis still the subjectof debate[seeHeckmanand Smith (1995),
Burtless(1995),HamandLalLonde(1996)].

Mostwouldarguethatthe“experimental’approachs bestsuitedto eliminateself-selection
biasesand provide adequateneanprogramimpacts,however measured.Yet, recentlythis
view hasbeenchallengecoy HamandLalLonde(1996)in their importantpaper In essence
they amguethatrandomassignmenbetweercontrolandexperimentalgroupsprovidesan ad-
equateshort-termmeanprogramimpact. On the otherhand,the treatmentand controlsex-
periencingsubsequenspellsof employmentandunemplymentare mostlikely not random
subset®of theinitial groupsbecausehe sortingprocesss very differentfor thetwo. In other
words,randomassignmentioesnot guaranteg¢hatlong-termmeanprogramimpactsarevoid
of any systematidiases.

In mostcountries experimentalevaluationof training programss impracticabledueto a
lack of appropriatedata. Analystsmustinsteadconcentratesitheron surwey or administra-
tive data,andrely on multi-statetransitionmodels. An additionaldifficulty in usingthese
datais that programparticipationmustbe modeledexplicitly. Many recentpapershave nev-
erthelessmanagedo successfullynodelcomple transitionpatternsusing suchdata(Gritz
(1993),Bonnal,FougéreandSérandor{1997)andMealli, Pudng andThomag(1996)). Most
papersarelimited to threeseparatestatesof the labourmarket: employment,unemplyment

1SeeHeckmanalLondeandSmith (1999)for arecentanddetailedsurvey.



(nonemplgment)andtraining? In mary caseslatalimitations do not allow identificationof

any morestates.In othercasesanalystspurposelyfocuson few stateso keepthe statistical
modeltractable.lndeed whenthedatais dravn from stocksamplesasis oftenthecasewhen
usingadministratve data,the statisticalmodelmustaccountfor so-called‘initial conditions”
problems Thisusuallyaddsconsiderableomplexity to analreadyinvolvedstatisticaimodel?

Many have questionedhe appropriatenessf focusingof few labourmarket stategHeckman
andFlinn (1983),JonesandRiddell (1999)). It maybe evenlessappropriateo focuson few

statesvhenconsideringheimpactof trainingprograms.

This paperinvestigatesheimpactof governmentraining programsaimedat poorly edu-
catedmalewelfarerecipients. It shouldbe stressedt the outsetthatin Canadaasin mary
Europeancountries,the welfare systemaims at supportingindividuals without incomeand
who are not entitledto ary other social security benefits,irrespectve of age? As such, it
actsasa safetynetfor unemplyedworkerswho do not qualify for benefits,or who have ex-
haustedheir unemplymentbenefits.Many programsare availableto assistheselong term
unemplyed andthosewith few skills increasetheir employability. Understandablya con-
siderableproportionof programresourcehasbeentargetedtowardsthe youthsin the past
decade.Yet, mary have questionedhe ability of traditionalprogramgo addresshe problem
[OECD, 1998]. The aim of this paperis preciselyto investigateheimpactof theseprograms
in enhancinghe self-suficiency of youngmaleswelfareclaimantsaparticulardisadwantaged
group(seeBeaudryandGreen(1997)).

The empiricalstratey is similar to thatusedby Gritz (1993)andBonnaletal. (1997)in
thatwe explicitly accountfor selectvity into thetraining programs It reliesonarich dataset
thattracksthetransitionsof alargenumberof youngCanadiarmalesonaweeklybasisacross
sevendifferentstatesof thelabourmarket. Thesestatesncludeemployment,unemplyment,
welfare, out of the labourforce (OLF), two separataevelfare training programs,and unem-
ploymenttraining programs. In all, asmary as 24 differenttransitionsare allowed in the
model. Thesamplds dravn from the populationof welfarerecipientshatexperienced spell
atary time betweenl987and1993in the province of QuébecCanadaTo beincludedin the
sample,individualshadto be aged18 or 19 at ary time during that periodandto have less

20Onenotableexceptionis Bonnaletal. (1997)who considermsmary as6 differentstatespermanenemploy-
ment,temporaryemployment,public policy employment(training),unemplyment,out-of-labourforce(nonem-
ployment),andanabsorbingstate(attrition).

3Two biasesarelikely to resultfrom stocksamples:(1) length-bias;(2) inflow-rate bias. The former may
arisebecausdengthyspellsaremorelik ely to be ongoingat the time the sampleis chosen.The latteris related
to the factthatthe probability of beingsampleds relatedto the probability of startinga freshspellat time the
sampleis chosen.SeeGouriérouxand Monfort (1992)andVandenBerg, LindeboomandRidder (1994)for a
detailedanalysis.

4Individualsmustbeagedover 18to qualify for benefitsalthoughsingleparentdessthan18 maystill qualify.



thana high-schooldegree. Samplestratificationis usedto avoid over-parameterizationf the
statisticalmodelthatwould resultif too mary exogenousrariableshadto be controlledfor.

By memging variousadministratve datafiles we canrecreatecompleteindividuals’ histo-
riesonthelabourmarket backto agel6,thelegal school-leaing agein CanadaConsequent-
ly, eachindividual in our sampleis necessarilyobsenedin the OLF stateat the beginning
of his history. This samplingschemehusremovesthe necessityto controlfor stocksample
biasesandhastheadditionalbenefitof providing rich transitionpatternsoverarelatively long
sampleframe.

The econometricmodelis built on continuouslabour market transitionsprocessesnd
allows entryratesinto eachstateto dependon obsened andunobsered heterogeneitgom-
ponents Heterogeneityermscanbe destination-specifi@rigin-specificor both. In all cases,
correlationacrossheterogeneityermsis allowed. We furtherinvestigatehe sensitvity of the
parameteestimateso variousdistributionsof the heterogeneitgomponentsWhenparamet-
ric distribution functionsareusedthemodelis estimatedy SimulatedVlaximumLik elihood
(SML) methods.

Theremaindelof the papers organizedasfollows. Section2 providesa detaileddescrip-
tion thedata.Section3.1 discussethe econometrianodelandthe variousstatisticalassump-
tion regardingthe distributions of the heterogeneityerms. Section4 reportsour empirical
findings. Section5 concludeghepaper

2 Data Description

The basicdatausedfor this study are dravn from the caseloadecordsof Québecs Min-
isteredela Solidaritésociale.Thefiles containinformationon all individualshaving receved
welfare benefitsat sometime betweenJanuaryl987and Decemberl993. In particulay the
startdatesandenddatesof eachwelfareandwelfaretraining spellsarerecordedn thefiles.
The welfare programcontainsspecialprovisionsfor thosewho areindisposedor work due
to mentalor physicalreasons.Theseindividuals are not includedin the sample. Thusthe
final samplecomprisesonly individualshaving no handicapor only a minor, intermediatepr
temporaryphysicalhandicap Furthermorethey arefit to work.

Thewelfareadministratve files containno informationon employmentor unemplyment
spells.Our samplewasthuslinkedto the StatusVectorfiles (SV) andthe Recordof Employ-
ment(ROE) files, bothundertheaeagis of HumanResource®evelopmentCanadaThesdiles
containvery detailedweekly informationon insuredunemplymentspellsand employment
spells respectiely. Thestartdatesandenddatesof eachspellarerecordedn thesdiles. Sim-
ilar informationis availablewith respecto trainingspellsadministeredinderthe Ul program.



Merging all threeadministratve files allows usto defineseven differentstateson the labour
market. Aside from the welfare,unemplymentandemploymentstateswe canidentify two
separatavelfaretraining statesandoneunemplymenttraining state2

The focus of this paperis on poorly educatedyoung men. Thusto be includedin the
sample,an individual hadto be either18 or 19 yearsof ageat ary time between1987 and
1993andhave lessthanllyearsof schoolingoverthesampleperiod. A high-schoodegreein
Québeaisuallyentailsatleastl2 yearsof schooling.In principle, then,noneof theindividuals
in our samplehasearneda high-schooldiploma. With theseselectioncriteriathefinal sample
contains3068individuals.

Theupperpanelof Table1 providessummarystatisticsfor individualswho have not par
ticipatedin atrainingprogram.Thelower panelpresentsimilar statisticsfor programpartic-
ipants.In thelatter case the meandurationsn eitheremployment,unemplymentor welfare
are calculatedboth beforeand after participation. An examinationof the table revealsthat
thetwo groupsarevery similarin termsof their obsenablecharacteristicsYet, therearesig-
nificantdifferencedn their respectre labourmarket experiences.For instance nhon-trainees
have longeremploymentandOLF spellsthantraineesandhave shorterspellsin bothwelfare
andunemplyment. Onthe otherhand,the averagedurationof employment,unemplyment,
welfareand OLF spellsdecreasesignificantlyfollowing training. On thewhole,the average
proportionof time spentemployedby traineesandnon-traineess remarkablysimilar.

Recallthatonly individualswho experienceda welfarespellbetweenl987and1993and
who wereaged18 or 19 duringthat periodareincludedin the sample.Thosewho are18 or
19 yearsof agein Januaryl987 may have alreadybeenon the labourmarket for 2—-3 years
at most. In orderto recreatetheir completelabour market historiesasof the ageof 16, it is
necessaryn somecasedo go backin thefiles asearly asJanuary1l984°% The startdateand
enddateof eachspellis usedto createindividual historieson the labour market. Overlaps
betweenrstatesarefrequentandarenot necessarilyheresultof codingerrors.It maywell be,

5The welfare files containinformation dating back to 1979 and endingin December1993. The SV files
containsinformationbeginningin Januaryl987andendingin Decemberl996. Finally, The ROE files contain
informationrangingfrom Januaryl975to December1996. The analysisfocuseson the 1987-1993erioddue
to datalimitations.

6Dataconcerninginemplymentspellsis availableonly asof Januaryl 987.Consequentlyasmallproportion
of unemplymentspellsoccurringprior to 1987 may be wrongly codedasOLF. Two factorsleadusto believe
thatthe proportionof suchspellsis likely insignificant. First, the large majority of individualsthatwere 18 or
19 yearsof agein theyears1990andbeyondwherein the OLF, the employmentor the welfarestateshetween
16 and19. Secondof thoseindividuals,the majority who hadan employmentspell would not have qualified
for Ul benefitsgiventhe eligibility rulesthat prevailed between1984and1987. Similarly, employmentspells
that were ongoingin Decemberl993will not shav up in the ROE files until they areterminated. To avoid
misclassifyingthesespellsas OLF, the ROE files are searchedhs late as Decemberl996. Given the average
lengthof employmentspellsreportedn Tablel, it is very unlikely thatmary employmentspellswill bewrongly
codedasOLF.



for example thatawelfarespellandawork spelloverlap.Programdesignsdo notforbid this.
In principle,suchoverlapscouldberedefinedhsa separatstate.Giventhenumberof possible
statesjt is simply not reasonabléo allow theseoverlapsin the analysis.It wasdecidedthat,
asarule, startingdateswould have precedencever ongoingspells. Thusan ongoingspell
with known enddateis truncatedvhenerer a new statestartsprior to theenddate’

The 3068individualsin our sampleexperiencedcasmary as31422spellsoverthe sample
period. Table 2 presentsall the transitionsthat occurredat ary given point in the sample
period. The table identifiesseven separatestateson the labour market. Welfare Training
includesvariousjob searchassistanc@rogramsaswell a skill enhancingprogramsaimedat
welfare recipients. The Job-ReentryProgram(JRP)is an on-the-jobtraining programalso
aimedat welfare recipients. Under this program,participantsdo not receve benefitsbut a
(subsidized)salaryfrom a regular employer® JRPis treatedseparatelypbecauseontraryto
other programsmost participantsqualify for unemplymentbenefitsupon completion. Ul
is a statein which individualsreceve unemplymentbenefits. Individualsthat do not work
andthatdo not qualify for benefitsaretreatedas OLF for the purposeof this study It must
thusbe keptin mind thatUI is not necessarilyakin to unemplymentin the usualsense.Ul
Training comprisesa seriesof training programsaimedat Ul claimants.The Out of Labour
Force (OLF) stateis the complementof all other states. It may include full-time students,
non-entitledunemplyedindividualsandindividualsthataretruly out of thelabourforce.

Table 2 revealsinterestingdynamicson the labourmarket. For instance the majority of
welfarespellsendeitherin employment,in welfaretrainingor OLF. Lik ewise, welfaretrain-
ing spellsendeitherin welfare,in employmentor in OLF. Interestingly mostJRPparticipants
enterregularemploymentuponcompletionof their program.Very few enterUl eventhough
mostqualify for benefits. Othertransitionsare as expected,exceptperhapgor Ul training.
Indeed,the majority of participantsreturnto Ul uponcompletionof their programandvery
few find regularemployment. A numberof cells containfew or no obsenations. The empty
cellsareconsistentvith programor policy parametershatpreventa numberof transitionsto
occuror areaconsequencef our definitionsof the variousstates’ Only transitionscompris-
ing morethan50 obsenationswill be consideredn the econometrianodel. This leavesa
total of 24 transitionsto be modeledexplicitly.

"Preliminaryanalysiswasalsoconductedgiving the enddateprecedencever the startdateof a new spell.
Theresultingtransitionsmatricesandaveragedurationsarevery robustto this strategy.

8Non-profitorganizationshave to pay a symbolic1$ perworking day. The participantseceie regularbene-
fits.

9For example, the welfarefiles provide information on a monthly basis. Any interruptionlasting between
1-3weekswill notberecordedn thedata.Therecordwill shav anuninterruptedsequencef monthly benefits
receipt. Thus Welfare-Welfare transitionsare not identifiablein the data. On the other hand, Ul spellsare
recordecbn aweeklybasis.Unemplo/edworkersthatwork a numberof weeksor hourswhile claiming benefits
may qualify for additionalbenefitsoncethey exhausttheir original entitlement.The SV fileswill indicatea new
Ul spellstartingtheweekfollowing exhaustion.ThusUI-UI transitionsareidentifiablein the data.



The transitionson the labourmarket have threeessentiadimensionsithe stateof origin,
the stateof destinatiorandthedurationin any a givenstate.Table2 providesusefulinforma-
tion on the first two dimensions.Oneway to represengll threedimensionssimultaneously
is to look at the distribution of the sampleacrossall seven stateson a weekly basis. This
distribution synthesizedoththetransitionsacrossstatesandthe meandurationin each.

Figurel plotsthe proportionof individualsin eachof the sevenstateson a weekly basis.
The top portion of the figure tracesout the proportionof individualsin non-trainingstates
(welfare,unemplyment,employment, OLF), andthe bottom portion tracesout the propor
tionsin training stateqUI training, welfaretrainingandJRP).Therearetwo distinctfeatures
thatarisein Januaryl987in thetop portionof thefigure. First, theproportionof individualsin
OLF is relatively high. This partly reflectsa cohorteffect. In Januaryl987,our samplecom-
prisesonly individualsthatare18 or 19 yearsof age. Not surprisingly a large proportionof
themareeitherstill in schoolor have notyetenteredhelabourmarket. As we moverightward
alongthetime axis, theseindividualsbecomeolderandnewn 18-19yearold entrantgoin the
sample By thetimewereachDecembed 993,theoldestindividualsarebetweer25-26years
of age. It doesnot necessarilyollow thatthe samples averageageincreasesystematically
alongthetime axis. Proportionatelymoreindividualshave enteredhesamplen therecession
years1989-199z2hanpreviously. Secondthe proportionof unemplyedindividualsis zero.
As mentionecearlier theinformationon unemplymentspellsis only availableasof January
1987. Consequentlyonly new spellsareidentifiablein the data. Spellsthatwereongoingin
Januaryl987,areclassifiedasOLF in thefigure.

The bottomportion of the figure alsoindicatesthat the proportionof individualsin JRP
is zero up until approximatelyJanuary-Februarg990. This programwasimplementedn
August1989andhadtoo few participantsn the beginning monthsto showv up in the figure.
Similarly, participationin Ul training programsis essentiallyzeroup until February-March
1987. Ul training usually occursafter a numberof weekshasbeenspentunemplyed. Not
surprisingly then,a certainlapsof time is neededeforethe proportionof Ul traineess large
enoughto shav up in thefigure. Training spellsthatwere ongoingin Januaryl987 arealso
classifiedasOLF.

A closelook atFigurel revealsinterestingpatterns First, the proportionof welfarepartic-
ipantsremainsrelatively constanbetweenl987and1989. The economicdownturnof 1989
resultsin ansteadyincreasean the proportionof welfare claimantsuntil the endof 1993. In
fact,the proportionincreasedrom 17.9%in Januaryl988to 42.3%in Decembefl993.Such
anincreaseaesultsfrom both a moreimportantinflow into welfareandlongerspell duration
[seeDuclos,Fortin, Lacroix andRobege (Forthcoming)for details].

Theproportionof employedindividualsfollows avery distinctseasongbatternwith peak-
s occurringaroundJune-JulyandtroughsaroundJanuaryeachyear Despitetheseseasonal
fluctuationsthe proportionof employedindividualsincreasedrom 31.2%in Januaryl988to
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33.5%in Januaryl990,andthengraduallydeclinedto 18.6%in Januaryl993. Theproportion
of unemplyedindividualsis highly negatively correlatedvith the proportionof employedin-
dividuals. Theseasondiluctuationsalmostperfectlymirror thoseof employment. Finally, the
proportionof individualsin the OLF statealsodepictsstrongseasongbatternsIn Januaryof
eachyear theproportionincreasedy abouts percentaggoints. It is likely thatmary season-
al workerslosetheir job at the beginning of eachyearanddo not qualify for unemplyment
benefits.

The bottom portion of the figure shows that the proportion of individuals engagedn
government-sponsorddainingprogramdluctuatesonsiderablyvertime. A numberof nev
welfare training programshave beenimplementedn 1989. Most of theseprogramsaim at
enhancingob searchskills andusuallylasta few weeks.Thelargeincreasen the proportion
of welfaretraineescoincidewith the implementatiorof theseprograms.A dramaticfall oc-
curstowardsthe endof 1989 presumablylinkedto budgetaryconstraintsassociatedvith the
economicdownturnof 1990. The proportionof participantssteadilyincreaseshereafterand
reachest highestlevel attheendof 1993. The proportionof Ul traineeds relatively constant
throughoutthe whole period,with the exceptionof 1992. Both the Ul training programsand
JRPhave relatively few participantsat ary pointin time. The proportionsof participantsn
theseprogramshardlyreacheseyond5% over the sampleperiod.

The fact that few individuals are engagedn formal training at any point in time is no
indicationthat training programsareinefficient or unattractve. Accessto programss often
limited becausef insufficientresourcesThislack of resourcesaisesafundamentatjuestion:
who getsselectednto training ? To the econometricianparticipationin a training program
is the result of two separataunidentifiableprocesses First, the participanthasundertalen
the necessargtepsto take partin the program. Secondthe individual responsibldor the
managemeruf theprogramdeemedheparticipantaseligible. Thesetwo processearelikely
to be suchthatparticipantshave unobserable(to the econometriciangharacteristicghatare
systematicallydifferentfrom thoseof the non-participantsFortunately giventheinformation
at our disposalit is possibleto devise estimatorghat, undervery generalassumptionswill
yield unbiasedestimate®f the programsimpacts.Theseestimatorsarepresentedn the next
section.

3 Modeling labour mark et transitions

The labourmarket history of a givenindividual is representedy a sequencef n spellsof
variouslengthsin any of K (=7) states.Let z; bethe statein which anindividual is obsened
to beattime ¢. The sequencetartsat calendatime 7, = 0 whentheindividual is 16 years
of ageandendsattime 7, (7. = Decemberl993). Figure 2 depictsa hypotheticalsequence
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Figure2: Labourmarket historyof a hypotheticaindividual.

madeup of 3 spellsof variouslengthin 3 differentstates As depictedtheindividualis initially
obseredin the OLF state.He entersinto employmentat time r; andeventuallymovesinto
unemplymentattime 7». At time 7, heis still in themidstof anunemplymentspell.

Let 7, denotethe calendartime at which a spellin any given stateends. Eachspell ¢
(1 < ¢ < n+1)isthusdelimitedby the starttime 7,_; andtheendtime 7, (7, > 7,_1). Let
ug bethedurationof spell? (u, = 7, — 7,_1). Finally, let r denotea completesequencérom
time0 totime, :

r= ((TOaxTo)a (ulax‘rl)v SRR (um xTn)’ (un-l-l’ O))v

whereu,,.; = 7. — 7, iIsthedurationof thelastspell. Thelastspellof eachindividualis right-
censoredsincer,; andz,,, arenotobsered. Onthe otherhand,the last spellmusthave
lastedat leastr, — 7,, unitsof timein statez,,. As z, ., is notobseredwe corventionallyfix
Zrpp = 0.

Thesequencenay be morecompactlyrewritten as:

r= (yOa Y1y -+ s Yn, yn—i—l)a



where .
(10, %), IfL=0,

Yo = @Maxuﬂ, if 1 S,gfgn,
(Un+1,0), if ¢ = n+ 1.

The initial state,y,, is the samefor eachindividual in our sampleand exogenouslyde-
terminedby schoolattendancéaws. Consequentlythereis no needto explicitly modelthe
initial statein which individualsareobsened.

3.1 Likelihoodfunction

Eachindividual contributesa sequence: = (yo, 41, - - -, Yn, Yns1) to thelikelihoodfunction.
The contribution can be written conditionallyon a vectorof exogenousvariables,z, andan
unobseredheterogeneityactor v.

Letl,(6) denotethe conditionalcontribution of the sequence. We have,

n+1

6(0) =TT f (e | Yoo - - Yer; 25 v30),
=1

wheref (v | vo,- - -, ye—1; z; v; 0) is the conditionaldensityof y, givenyg, 41, - - -, ye_1, z and
v,andf € © C IR isavectorof parametersiNaturally, thedestinatiorstateof thelastspellis
unknown sincethedurationis censoredlts contritutionto theconditionallik elihoodfunction
is limited to the survivor function of the obsenedduration.

Therandomvariabler is assumedo beindependenthandidentically distributedacross
individuals,andindependentrom theexogenousariables:. If theunobseredheterogeneity
cantake only a finite numberof values,v,, .. ., v;, the contribution of a sequence- to the
likelihoodfunctionis

J n+1

l(g):: 2: II f(ye‘yoa'”ug%—lb&lq;9)7wa (1)

j=14=1
wherer; is the probability that the unobsered heterogeneityerm takesthe valuev; (0 <
m <1, %) m =1).
If v is acontinuousandomvariable, then

n+1

10) = | TI £(we | vos- ve1:2:6) g(v:6) d, @
=1



whereg(v; 0) is adensityprobabilityfunctionandV is the supportof v.

Furthermorewe will assumehaty, is independendf vy, . .., y,_» giveny,_;, z andv, in
which case

Fel vo, - ye—1;2;v50) = fye | yer; 205 0).

Giventhe history of the processthe joint distribution of the durationof spell / andthe
destinatiorstateonly depend®n the currentstateon thelabourmarket. This assumptiorcan
berelaxed by introducingothercharacteristicef the history of the process.

3.2 Modeling individual spells

In this sectionwe focusonthe conditionaldistribution of y, = (u,, z,,), whereu, is thedura-
tion of the /" spellin statez,,_, . Defineu; , asthewaitingtime beforeleaving statez,,_, for
statez,,. At theendof the/*" spell,theindividualwill enterinto thestatecorrespondingo the
smallestatentdurationu; ,,. We will assumehatthesek latentdurationsareindependently
distributed.

Thusthedurationof spell/ is givenby

ug = inf ug.
k'#Try_y

Let f;(u | yo, - - -, Ye—1; 2; v; §) denotethe probability densityfunction (p.d.f.) of thelatent
durationuy ;, giventhe history of the procesaup to time 7,_;, v andcovariatesz. Let S;(u |
Yo, - - -» Ye—1; 2; v; 8) bethecorrespondingurvivor function:

+oo
Si(u| Yoy Ye—1;2;v50) = / Fi(s | Yoy - ye—1; 2313 0) d s.
u

The conditionaljoint densityof the durationof spell/ andthe destinatiorstatek is given
by thefollowing expression

Fu, klyo, - Ye—1525v50) = fi(u | Yo, - - - Ye—1; 233 0)
K
H SJ(U |y0a"'7y@—1;z;y;0)7

= hk(u|y05 cen Y1525V, 0) S(U|y0, s Yr-15 2315 0)5
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wherehy (u | yo, - - -, ye—1; 2; v; 0) isthehazardunctionassociateavith thelatentdurationu; ,
andS(u | yo, - - -, ye_1; 2; v; 0) is thesurvivor functionof thedurationof the /" spell. Because
thelatentdurationsareassumedo be conditionallyindependentve have

K
Sy, wyei;zv50) = [ Silu|wvo,- .. ye—1;2v;0),
Jj=1
‘j#m‘rl—l

whereu > 0. Theexpressiorrepresentghe conditionalprobabilitythatthe durationof spell¢
is atleastequalto u or, equialently, thatall latentdurationsareat leastequalto «. Therefore,
the conditionalcontribution of a givensequencéo thelik elihoodfunctionis:

whered,, is equalto 1 if the individual entersinto statek at the end of spell # andto O
otherwise

{1, if 2., = k,

Ock = 0, otherwise,

’

{=1,...,n.

3.3 Unobsewed heterogeneity

Sofar, thediscussiorsurroundingthe unobsered heterogeneityomponenthasvoluntarily
beenkeptgeneral. The useof maximumlik elihood proceduresequiresthat we specify dis-
tribution functionsfor thesecomponents.Most applicationsrely on the work of Heckman
and Singer(1984) and approximatearbitrary continuousdistributions using a finite number
of masspoints(seeGritz (1993),HamandRea(1987)). More recentpapersusericher spec-
ificationsthatallow the heterogeneityermsto be correlatedacrossstates(seeBonnalet al.
(1997),HamandLalLonde(1996)). Thesespecificationsare sometimeseferredto assingle
or double-aictorloadingdistributionsandarealsobasedon a finite setof masspoints. In our
work, wewishto investigateaherobustnes®f the parameteestimateso variousdistributional
assumptionsWe will usetwo andthree-hctorloadingdistributionsasin the aforementioned
papers.Additionally, we will investigatethe consequencesn the slopeparameter®f using
variouscontinuoudlistributionsinsteadof the usualfinite setsof masspoints.
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To fix ideas,let w = (wy,...,wk) be a vectorof unobsered heterogeneityariables,
with w;, adestination-specificomponentk = 1, .. ., K). Ideally, the joint distribution of the
unobseredheterogeneityermsshouldnot beindependent.

Consideffirst atwo-factorloadingmodel(seeVandenBerg (1997))suchthat

wg = exp(ay vy + by, v2),

Wherevl € {—2,62}, Vg € {01,62}, b € IR ar = ll[k > 2] andb1 = 1. Therandom
variablesy; andwv, areassumedo be independent.The constraintamposedon the support
of v; andwv, aresufficient for identificationandto allow the correlationbetweenog(wy) and
log(wy) shouldspantheinterval [—1; 1].

Moreover, assumehat

P2, if o) = —2andv) = ¢,
p*(1—p), ifod=—-2andv) = c,,
(1—p)xp, ifovd=coandvd=c,
(1—p)? if v9 = ¢y andvd = co,
wherecy, ¢ € IR, b, € IR andthe probabilityp is definedas

Probj(V1, V) = (v, )] =

__exp(d)
1+ exp(d)’
whered € IRis aparameter

Thecorrelationbetweerog(wy) andlog(wy ), denotedpy s, is

ar, agos, + by by o2,
2 9 2 92 /2 o 2 2’
\/a,c oz + by o2, \/ak, oy, + by 07,

wherek, k' =1,.. .,Kandagj is thevarianceof v;, j=1,2.

PE k! = 3

A two-factorloading model with two independenteterogeneityermswith a common
continuousdistribution canalsobe derivedfrom this specificationIndeed et w, denotethe
heterogeneityermfor destinationk:

wg = exp(ag v1 + by, v2),

wherea,, andb, areparameteréa, = [k > 2] andb; = 1).
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In this versionof the model,v; andv, areassumedo be independenthandidentically
distributed. Let ¢(v;#) bethe p.d.f. of v; andwv,. The correlationsbetweenlog(wy) and
log(wy) aregivenby thesameexpressiorasin (3). In thenext sectionwe will presentesults
basedon variousparametriaistribution functions(exponential weibull, log-normal,normal
andstudent).

The above specificationsanbe further generalizedo a three-aictorloadingmodelwith
a commoncontinuousdistribution for the unobsered variables. In this specification,the
unobsered componentslependon the destinationstateaswell asthe currentstate.Let w;
be specificto thetransitionbetweerorigin j anddestinationk.

wj = wj wy = exp(aj vs + b; va) exp(ag v1 + by v2),
wherea;, b, a;, andb, areparameterga’; = a, = [k > 2], by = 1).

In this three-actorloadingmodel,the correlationbetweenog(wy,) andlog(wy) is

ap ag + b by

Pk’ = : (4)
\/a% + bﬁ\/ai, + b,
Thecorrelationbetweenlog(w}) andlog(w; ) is
ajay + ;b
i = : (5)
e v ok v
Finally, thecorrelationbetweenlog(wy) andlog(w}) is
b'; by
(6)

pk:] = I
Vo + 03/l + b
whereyj, 7', k, k' =1,... K.

3.4 Specificationof conditional hazard functions

Assumeanindividual is obseredin statej duringspell? (i.e. z,, , = j). Lety(j, k) denote
the heterogeneityterm for destinationk, given the individual is in statej. Therearetwo
possibilities:

v, k) = {wk, in atwo-factorloadingmodel,
%= w;k, If weconsiderathree-actorloadingmodel.
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Theconditionalhazardfunctionfor transition(j, k) is givenby

ik (] Yo, - Yeo1; 205 0) = h3  (w;0) ©(Yo, - - -, Ye—1; 2 0) Y (4, k), (7)

where ¢ is a positive function dependingon the exogenousvariablesand the sequencer,
h;{k(u; 6) is thebaselinehazardfunctionfor transition(j, k), andy (4, k) > 0.

We have consideredhreealternatve conditional specificationsfor the baselinehazard
functions.For eachtransition,we have choseramongthefollowing competingspecifications
onthebasisof non-parametri&ernelestimationgseeFortin, FougereandLacroix (1999a)):

1. Log-logistic Distribution
Thebaselinehazardiunctionis

Bjk cujp u®k !
ho . 9 — Js 7y
]ak(u’ ) (1 + 5j,k uaj’k) ’

Ol s 6]’,/9 €IR".

If a;, > 1 thenthe hazardfunctionis increasinghendecreasingvith respecof u. If
ajr < 1thenthehazardfunctionis decreasing.

2. Piecavise-ConstanHazad Model
Theexpressiorof thebaselinehazardfunctionis

hop(u;0) = el [u < uf] + B pd[u] < u < ug]+~pdlug < ul,

wherew i, Bk, vix € IRT. u? andu arefixed.

Thebaselinehazardunctioncanbeincreasinghendecreasingjecreasinghenincreas-
ing, strictly increasingor strictly decreasing.

3. Weikull Distribution
Thebaselinehazardfunctionis

0 s —1
hj i (u; 0) = ajk Bjp u™* ",

Ok, ﬁj,k € RT.

If ; > 1 thenthehazardfunctionis increasingwith respecof u. If «;, < 1 thenthe
hazardfunctionis decreasingvith respecbf v andif «;, = 1 this conditionalhazard
functionis constant.
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3.5 Estimation

We considerthreealternatve specificationgor unobseredheterogeneitglistribution.

1. Two-Factor Loadingand DiscreteDistribution
Thelog likelihoodis

log(L(0)) = Z log(L(0)), (8)

wherel;(6) is obtainedby substitutingthe sequence; = (vo;, - - -, Yn,+1,;) andthe ob-
senedvectorof covariatesz; in (1). N is thesizeof thesample.

In equation(1) 7; is setequalto™®

v’ ifj =1,
Ty = p*(]'_p)’ Ifj:2737
(1_p)27 Ifj:47
wherep € [0; 1] is aparameter

Thelog-likelihoodis thenmaximizedwith respeciof # (# € O) in orderto obtainthe
maximumlik elihoodestimationof the parameters.

2. Two-Factor Loadingand ContinuoudDistribution

The modelincludestwo unobsered heterogeneityermswv, andv, (v; > 0,5 = 1,2).
We assumehesetermsareindependentlyandidentically distributed. Let ¢(v; #) bethe
p.d.f.ofv;, j =1,2.

The contribution of a givenrealizationto the likelihoodfunctionis given by equation
(2), wherev = (vy,19), V = IRt x IR andg(v;0) = q(v1;60)q(ve;0). The log-
likelihoodis given by equation(8) wherel;(8) is the contribution to the likelihood of
thesequence;. Sincetheintegralin [(f) cannotgenerallybe analyticallycomputedt
mustbe numericallysimulated.

Let /() denotethe estimatorof the individual contrikution to the lik elihood function.
We assumehat

1
I f(ye | vo,- - - ye—1; 25010, Va3 0),
1

H
D
h=1

. 1 nt

o~

105eesectiord.
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wherewv, , and v, are dravn independentlyaccordingto the p.d.f. ¢(v;6). The
drawingsv;, (j = 1,2, h =1,..., H) areassumedo be specificto theindividual. The
parameteestimate@areobtainedby maximizingthe simulatedog-likelihood:

log(L(0)) = ; log(Li(6)),

wherel}(&) is the simulatedcontribution of the sequence; to thelik elihoodfunction.

The maximizationof this simulatedlik elihood yields consistentand efficient param-
etersestimatedf ‘/—Hﬁ — 0whenH — +oo and N — +oo (seeGourriérouxand
Monfort (1991,1996)). Undertheseconditions this estimatothasthe sameasymptotic
distribution asthe standardVviL estimator Following Laroqueand Salanié(1993)and
Kamionka(1998)we have usedsuccessiely 20 dravs from the randomdistributions
when estimatingthe models. Using asfew as 10 draws yielded essentiallythe same

paramete estimates.

. Three-Factor LoadingAnd Continuouistribution

In the three-fctorloadingmodelthe conditionalcontribution mustbe integratedwith
respecto thedistribution of threeindependentinobseredheterogeneityerms.Let Z(H)
denotethe estimatorof the individual contritution to the likelihoodfunction. Assume
furtherthat

1 H n+1

10) == > TI £®e | Yo, - - - Ye-15 23 V10, Von, V305 0),
H h=1 (=1
wherewv 5, vo, anduvs ;, aredrawvn independentlyaccordingto the p.d.f. ¢(v; 6). Once
again,the parameteestimatesobtainedfrom maximizingthis function are asymptoti-
cally efficient.

4 Estimation Results

This sectionpresentshe maximumlik elihoodestimatiorresultsof thehazardunctionframe-
work outlinedin the previoussectionusingadministratve data. Theestimationof suchacom-
plex modelis computationallydemandingAlso, anumberof issuesnustbeaddressetiefore
dwellinginto theresults.

q(v; 6) is the p.d.f. of oneof the distributionswe have examined(normal,log-normal,exponential student
andweibull distributions).
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4.1 Functional Forms Assumptions

As mentionedn theprevioussection|t is necessaryo specifyabaselinedistribution function
for eachtransitionconsideredn the model. Whenselectinga particularfunctionalform, a
numberof desirablepropertiesshouldbe sought.First, the adopteddistribution shouldallow
anumberof differentshapesf the hazardfunction so that variouscombinationof positive
and neggative durationdependencare possible. Second the functionalform chosenshould
roughlyfollow the patternof transitionsimesfoundin the data.Finally, thefunctionalforms
shouldinvolve asfew parameteraspossible.

Thedataat our disposaasanalyzedn Fortin etal. (1999a)usingnon-parametri&ernel
hazardestimators.The baselinehazardfunctionswere chosenon the basisof their analysis.
Table3 reportsthe functionalform usedin eachof the 24 transitionsconsideredn themodel.
Both the log-logisticandthe pieceavise constanfunctionsallow non-monotonidazardsFor
mary transitions,the empirical hazardfunctionsinitially increasefor a shortperiodof time
andthendisplayan extendedperiodof negative durationdependenceThelog-logisticfunc-
tion is bestsuitedin thesecasesWhenthe empiricalhazardfunctionlooksrelatiely flat, it is
preferableto usean exponentialmodelwith a single parameterOthernon-monotonehapes
arebestapproximatedvith the piecavise constanthazardfunction. Monotoneincreasingor
decreasingmpiricalhazardratescanbe satishctorily approximatedvith a weibull distribu-
tion function.

4.2 ExogenousCovariates

Most studieson labourmarket transitionsinclude a numberof exogenousndividual-specific
and macroeconomicariables. It is thus customaryto include variablessuchas age, sex,

educatiorandminority statusto capturebehaioural differencesacrosshesegroups.In this

paperwe have tried to limit the numberof exogenouscontrol variablesasmuchaspossible.
Giventhe unusuallylarge numberof transitionsconsideredn the analysis,jncludingevenas
little as 10 exogenousvariableswould have over-parameterizedhe lik elihood function and
renderedts estimationpracticallyinfeasible.

An alternatve empiricalstrateyy is to circumscribehe sampleto relatively homogeneous
individualsin termsof obsenablecharacteristicsWe have electedo concentrat®ur attention
onyoungandpoorly educatednenfor two reasons(1) They have faredrelatively poorly on
thelabourmarket overthe pastdecadgseeBeaudryandGreen(1997);(2) As aconsequence
of their deterioratinglabour market outcomesthey have beentamgetedfor welfare training
programs.Having a relatvely homogeneousamplein termsof ageandeducationdoesnot
remove the needto control for suchvariablesexplicitly. On the other hand, Gritz (1993)
hasfoundthesevariablesto have no impactwhatso&er on ary of the transitionsconsidered
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in his model. FurthermoreBonnalet al. (1997) also usesthe samestratagyy to avoid over
parameterizinghelik elihoodfunctionof theirmodel.

Themodelincludesthefollowing covariates:minimumwage unemplymentrate,welfare
benefits dummyindicatorsfor previoustraining undereitherwelfareor Ul, andthe Ul basic
benefitrate. The basicbenefitrate is the proportionof the insurableearningsthat is paid
asbenefits. The rate remainedconstantat 60% between1987 and April 1993,whenit was
reducedto 57%. The minimum wageand the welfare benefitsare computedmonthly and
deflatedby the monthly ConsumerPrice Index (CPI). The monthly unemplymentrate is
computedor menaged25-64for the Province of Québec.

All the variablesare computedat the beginning of eachspell and are assumedonstant
throughouthe durationof the spell. While the basicbenefitrateonly hastwo distinctvalues,
its identificationreliesessentiallyon thefactthatspellshave differentstartingdates.

4.3 Parameter Estimates

Table 4 presentghe parameteestimatesof six differentspecifications.The table runsover
severalpagesEachpagefocuseonthetransitionsoutof aparticularstate. Thefirst columnof
thetablereportsheparameteestimatesindertheassumptiorof nounobseredheterogeneity
Under this assumptionthe transitionsout of eachstatecould be estimatedseparatelyas a
competingisks model. The specificatiorof the secondcolumnis atwo-factorloadingmodel
basedon a finite numberof pointsof support. This specifications typical of thosefoundin
theliterature.Thenext threespecification®f thetablearetwo-factorloadingmodelsthatuse
continuoudistributions. Thethird columnusesa log-normaldistributionto drav therandom
componentsColumns4 and5 both useweibull distributions,but the latter specificatioralso
controlsfor previous training. Finally, the specificationof the last columnis a tree-factor
loadingmodelthatusesaweibull distributionto draw therandomcomponentandwhich also
controlsfor pasttraining*?

An examinationof Table4 revealsinterestingesults.Giventhelargenumberof parameter
estimatesit would beunreasonabl& discussachof themin turn. Instead we will focuson
the mainresultspertainingto eachstateconsideredn the model.

12The modelwasalsoestimatedusingnormal, student-t,y> andgammadistributions. Theseresultsare not
reportedherefor the sale of brevity, but areavailableon requestThepreferredspecificationsarethosebasedn
theweibull distribution for two reasons First, asshovn in Heckmanand Singer(1984)(p. 276) the parameter
estimatesdasedon the weibull distribution arevery similar to thosebasedon discretedistributionswith a finite
numberof masspoints. Giventhelatterarerobustto specificatiorerrorson the distribution of the heterogeneity
componentsthe weibull distribution appeardo depictsimilar properties. Second,asin Heckmanand Singer
(1984),thevaluesof likelihoodfunctionbasedon theweibull distribution areusuallylargerthanthosebasedn
otherdistributions.
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4.3.1 Exits from Welfare

Asindicatedabove,thecolumnsof Table4 arearrangedn anincreasingorderof compleity in
termsof unobseredheterogeneitand/orin termsof thenumberof controlvariables. Thefirst
panelof thetablefocuseson welfare. Exits to asmary asfive differentstatesareconsidered.
As arule, the resultsare very robust to the type of unobsered heterogeneityconsideredn
the model. The specificationof the first column,i.e. whenunobsered heterogeneitys not
accountedor, yields parameteestimategshat are significantly differentfrom thoseof other
specifications.

As expectedjncreases welfarebenefitsdecreasetheexit ratesfrom welfare. Theresult
is statisticallysignificantin transitionstowardstraining, work and OLF states.Increasesn
the unemplymentratetranslateinto increasesn the transitionstoward welfaretraining and
OLF, but lower transitionsinto JRP This latter resultis compatiblewith the fact that wel-
fareclaimantsmaybe motivatedto increaseheir employability whenjob prospectsliminish.
Similarly, firms may be lessinclinedto hire traineesunderthe JRPprogramwhenthe unem-
ploymentraterises.

Interestinglyincreases theminimumwagerateincreaseshetransitiongowardswelfare
training, JRPand unemplgyment, but hasno impacton transitionsinto employment. This
resultis compatiblewith the resultsfoundin a recentpaperby Fortin and Lacroix (1997).
In that paperit wasfound usinga similar samplethatincreasesn the minimum wagerate
increaseaxits from welfare. Sincethetransitionstatewasnot known, this wasinterpretedas
evidencethat firms werenot constrainedy the minimumwagerate. Instead,anincreasdan
thelatterwasinterpretedasattractinga numberof welfare claimantsonto the labourmarket.
Theresultsreportechereprovide acompletelydifferentstory. Indeed |t appearshatincreases
in theminimumwagerateinducewelfareclaimantso increaseheir employability but do not
translateinto a larger numberbeingemployed. Quiteto the contrary the increasedransition
ratesfrom welfareto unemplymentsuggesthata numberof individualsthatwereworking
while claimingwelfarebenefitasmayhave losttheir job following theincreasen theminimum
wagerate.

Increasesn the basicbenefitrate make unemplyment,andpossiblyemployment,more
attractve alternatvesfor welfareclaimants.The parameteestimateglo not supportthis con-
jecturesincethey areeithernot statisticallysignificantor maginally significant.Ontheother
hand, they are negative and statistically significantwith respectto transitionsinto welfare
trainingandOLF. A priori onewould have expectedtheseparameteestimatesiot to be sta-
tistically significant. Consequentlyit not clearhow to interprettheseresults.

Columns4 and 5 are identical specificationsexceptfor the inclusion of threedummy
indicatorsfor pasttrainingin thelatterspecification.Thesedummyvariablesareequalto one
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wheneerawelfareclaimanthasexperiencedtleastonetrainingprogramprior to the current
welfarespell. Implicitly, it is assumedhattheimpactof pasttraining spellsdoesnot wearoff
with time nor doesit accumulatevith repeatusesof training programs.

Theinclusionof thesedummyvariablesmpactsboth the baselinehazardparameterand
the slopeparametersomevhat. The parameteestimateseveal severalinterestingeffectsof
training on time spenton welfare. First, pastoccurrence®f JRPincreaseshe likelihoodof
leaving welfare for welfaretraining, but decreasethe likelihoodof enteringunemplyment
or employment. Likewise, pastoccurrence®f welfare training increaseghe lik elihood of
transitingfrom welfareto JRP In orderto transitfrom welfareto unemplyment,anindivid-
ual mustwork while claiming benefits. The parameteestimatesuggestshat thesetraining
programsarepercevedto someextentassubstitutedo regularjobsby welfareclaimants.

Thelasttwo columnsof thetableareidenticalexceptfor thefactthatthreeloadingfactors
areusedin the last columninsteadof two. Using a richer specificationfor the unobsered
heterogeneitgomponentsnaginally decreasetheimpactof thedummytrainingvariables.

4.3.2 Exits from Unemployment

The next panelof the tablefocuseson the transitionsout of unemplyment. Most parameter
estimateghat are statistically significanthave the expectedsign a priori. For instance,in-
creasesn the minimumwagerate, the unemplymentrate andthe welfare benefitsincrease
the likelihood of enteringwelfare upon leaving unemplyment. As indicatedlower in the
table, unemplyed individuals experiencegreaterdifficulty enteringemploymentwhen the
minimumwagerateandthe unemplymentrateincrease Presumablya numberof themex-
hausttheir benefitsandenterwelfare. Thisis all themorelik ely if welfarebenefitancreaseas
well.

Otherresultspresentedn the tableindicatethat unemplged individualsare morelik ely
to entera new unemplymentspellwheneer the unemplymentrateincreaseput arelikely
to do so whenthe welfare benefitsincrease.Increasesn the minimum wagerateincreases
thelik elihoodof leaving unemplymentfor unemplymenttraining. This resultis similar to
what was found concerningtransitionsfrom welfare to welfare training. Finally, the basic
benefitrateis foundto increasdhetransitiondrom unemplgmentto welfareandto decrease
transitionstowardemploymentasexpected.

A numberof parameteestimateselatingto thetrainingdummyvariablesarestatistically
significant.They indicatethatboth pastwelfareandUI trainingincreasehelik elihoodof en-
teringwelfareuponexiting unemplyment.Ontheotherhand,pastwelfaretrainingdecreases
theprobability of enteringemploymentwhile pastUl traininghasthe oppositeeffect. Thisre-
sultis consistentvith thosefoundby Fortin, FougéreandLacroix (1999b)usingdifferentdata
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andeconometriestimatorsandarealsoconsistento someextentwith thoseof Gritz (1993)
andBonnalet al. (1997). In all threecasest wasfound that participationin government-
sponsoredraining programshad detrimentaleffects on the labour market experienceof y-

oungmen. It hasbeensuggestedhat potentialemployers may stigmatizeparticipationin

suchtraining programs.Becausdheseprogramsare designedo improve the labourmarket

opportunitiesof disadwantagedvorkers, participationin the later may be taken asa signal of

unsatisactoryperformancen previous employment. Are resultsindicatethattraining while

on welfareis detrimentalto men, but training while on unemplymentdoesnot corvey the

samenggative signal.

4.3.3 Exits from Employment

Thenext panelof thetablereportsresultsrelatingto exits from employment. Onceagain,most
parametergstimateghatarestatisticallysignificanthave the expectedsign. In particulay in-
creasesn the minimumwagerateis foundto increasehelik elihoodof leaving employment
for eitherwelfaretraining or unemplgyment,andto diminish considerablythe lik elihood of
transitingtowardsanotherjob. Increasesn welfare benefitsarefoundto increasehe transi-
tionsinto welfareandto decreaséhelik elihoodof enteringwelfaretraining.

The parameteestimateassociateavith the unemplymentrate hasthe expectedsign ex-
ceptperhapawith respecto transitionsbetweeremploymentandunemployment.Indeed the
parameteestimatempliesthatwheneer the unemplymentrateincreasesworkersareless
likely to leave employmentto enterunemplyment. Therearesereral potentialexplanations
for this result. First, it may well be that whenthe labour market deterioratesyworkerswho
loosetheir job have difficulty qualify for Ul benefits. They arethus morelikely to turn to
welfare,asindicatedin the top portion of the panel. Secondthe deteriorationof the labour
marketmayinducesometo hold onto their currentjobslonger Thefactthatall theparameter
estimatesrenegative, exceptfor welfare,in consistentvith this possibility. Consequentlyit
is very likely thatemploymentspellslastlongerwhenthe unemplymentrateincreases.

Thetrainingdummyvariablesn thefirst two portionsof the panelaredefinedasin previ-
ouspanels.The next threeportionsof the panelincludefour trainingdummyyvariables.The
first of theseWel. Try, is equalto oneif theindividualhasexperiencedvelfareor JRPtraining
at arny time beforethe currentemploymentspell. The seconddummyvariable,Wel. Try, is
equalto oneif the statejust prior to the currentemploymentspellwaseitherwelfareor JRP
training. The two otherdummyvariables,i.e. Ul Tr; andUI Tr,, aresimilarly definedbut
relateto Ul training. Includingthesedummyvariablessnablesisto verify the extentto which
thetraining effectstaperoff with time.
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The training variablesof the first two portionsof the table shav interestingresults. For
instancethosewho have participatedn welfaretrainingaremorelik ely to entereitherwelfare
or welfaretraininguponexiting employment. Having participatedn JRPdecreasesubstan-
tially thelik elihoodof re-enteringvelfare,but alsoincreaseshelik elihoodof enteringwelfare
training. Thelastthreesectionsof the panelalsorevealinterestingresults. First, individuals
thatwerein Ul trainingjust prior to their currentemploymentspellaremuchmorelikely to
returnto Ul uponleaving employment. On the otherhand,having gonethroughUl training
programdurtherin the pasthasno noticeableeffect on this transition.Secondhelik elihood
of enteringthe OLF statefollowing employmentdecreasesubstantiallyif the individual ex-
perienceckitherUl or welfaretrainingin the past. Theimpactis greatemwhenwelfaretraining
precededhe employmentspellbut is not relatedto thetiming of the Ul training.

4.3.4 Exits from OLF

The resultspresentedn the following panelrelateto the OLF state. Recall that this state
includesindividualsthataretruly out of the labourforce but may alsoincludefull-time stu-
dentsandnon-entitledunemplyed workers. Cautionmustthusbe exercisedin interpreting
theseresults. Surprisinglymary parameteestimatedurn out to be statisticallysignificant.
Of particularinterest transitionsfrom OLF to employmentappeato be quite sensitve to the
economicervironment.Exits from OLF arethusmorelik ely whenthebenefitrateor the min-
imum wagerateincreaseandlesslikely wheneitherthe unemplymentrate or the welfare
benefitancrease.

Theparameteestimateselatedto thewelfaretrainingvariablegell aratherdisappointing
story. Indeed pastparticipationin theseprogramsncreasedhelik elihoodof enteringwelfare
or welfare training anav. On the other hand, pastparticipationin JRP decreasesoth the
likelihoodof enteringwelfareandemploymentfollowing aspellof inactivity. Incidentally Ul
traininghasno impacton the exit ratesout of OLF.

4.3.5 Exits from Training Programs

The penultimatepanelof Table4 reportsparameteestimategelatingto training programs.
Exits from the welfare training programsare sensitve to most exogenousvariablesof the

model. On the otherhand,the econometrianodeldoesa poorerjob at predictingexits from

JRPand Ul training programs. In thesetwo cases,only the minimum wagerate hasary

explanatorypower, albeitwith parameteestimate®f the expectedsign.
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4.3.6 UnobsewnedHeterogeneity

Thelastpanelof thetablereportsthe valueof thelik elihoodfunctionof eachspecificatioras
well asthe parameteestimateselatingto the unobsered heterogeneityThe first specifica-
tion doesnot controlfor unobsered heterogeneityandis thusa specialcaseof all the other
specificationslt is stronglyrejectedon the basisof log-likelihoodratio tests. This is hardly
surprisinggiventhatthe parameteestimate®f this specificatiorreportedn thepreviouspan-
elswerein somecasesstrikingly differentfrom the thosein which unobsered heterogeneity
wascontrolledfor.

Therobustnes®f theparameteestimatesvith respecto thedistributionof theunobsered
heterogeneityariablescanbeinvestigatedy comparingcolumns2—4 of the previouspanels
sincethesespecificationanclude the sameset of exogenousvariables. Apart from a few
casesthe slopeparameterarerelatively insensitie to the choiceof a particulardistribution
function. Themaindifference®ccurwith respecto thebaselindhazardparametersBonnalet
al. (1997)alsofoundtheir resultsto berelatively insensitve to the distributionalassumptions
of the unobsered heterogeneityariables'® Theseresultsarealsoconsistentvith theresults
of HeckmanandSinger(1984)usingsingledurationsdata.

The specificationin columnb5 is similar to thatin column4, exceptfor the inclusion of
pasttraining variables. A simplelikelihoodratio teststrongly rejectsthe model of column
4 in favour of thatin column5. Theinclusionof thesetraining dummyvariablesaltersfew
slopeandbaselinehazardparametersthe main differencesarising with respecto the OLF
andemploymenthazards Finally, notethatthe three-aictorloadingmodelof column6 nests
thetwo-loadingfactormodelof column5.1* A simplelog-likelihoodratio teststronglyrejects
thetwo-factorloadingmodelin favour of thethree-aictormodel.

The rejectionof the two-factor loading modelis relatively surprisinggiven that the s-
lope and baselinehazardparameteestimatesof the two specificationsare nearlyidentical.
However, introducinga third heterogeneitgomponentonsiderablyaltersthe loadingfactor
parametersn the rightmostcolumnof the last panelof Table4. This suggestshattherich-
er specificationmay be bettersuitedto uncover selectioninto the differentstatesjf any. In
orderto investigatethis issue,we reportin Table5 the correlationcoeficients betweenthe
heterogeneityariableshatareimplicit in eachspecificatioralongwith their standarcerrors.
Thefirst panelis concernedvith the non-parametri@andthe log-normaltwo-factorloading
models. Both specificationsyield similar coeficients exceptfor correlationsinvolving Ul
training. Accordingto theseestimatesthereis little selectvity into the welfaretraining pro-
grams.Indeed,thosewho aremorelik ely to experiencesuchprogramsareno morelikely to

3In their work, they comparea two-factorloading modelwith finite points of supportwith a single-factor
loadingmodelthatdrawns heterogeneityermsfrom ani.i.d. IN(0, 1) distribution.
““Thenull assumptioris Hy : b} = 0,5 =1,..., K.
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beemployedor unemplyed,althoughthey aremorelik ely to bein the OLF state.Ontheoth-
er hand,thereappeardo be considerableelectvity into JRP Indeedthe correlationbetween
JRR employmentandunemplgymentare very large and significant,whereaghe correlation
betweenJRPandOLF is largeandnegative. Suchselectiormayreflectindividual preferences
but mayalsoreflectselectvity onthe partof programadministrators.

The next panelof Table 5 reportsthe correlationcoeficients of the two-factorloading
modelsbasedon the weibull distribution function. The two sectionsof the panelonly differ
insofar asthe specificatiorof thelower portionincludestrainingdummyvariables.Notefirst
thatthe correlationcoeficientsarenearlyidenticalto thoseof the log-normaldistribution of
the previous panel. The only differenceconcernghe correlationcoeficient betweenwelfare
trainingand OLF which is not statisticallydifferent,andwhich reinforcestheideathatthere
appearso benoselectvity into thesegprograms Notealsothatthecorrelationcoeficientsthat
arestatisticallysignificantarenearlyidenticalbetweerthetwo sectionsof the panel.

Thelastpanelof Table5 focusesonthecorrelationcoeficientsimplicit in thethree-aictor
loadingmodel. Eachsectionof the panelis relatedto the correlationcoeficientsin equations
(4)—(5),respectrely. Hence thefirst sectionis identicalto the previous panels.The correla-
tion coeficientsreportedn this sectiondiffer considerablyrom the previousones.According
to the estimatesit now appeardhatthereis considerableelectvity into welfaretraining. In-
deed,thosewho aremorelikely to participatein theseprogramsarealsolesslikely to train
underJRPandalsoto find employment. This is in stark contrastwith the previous results.
Othercorrelationcoeficientsarerelatively similar to the previousones.

The secondsectionof the panelreportsthe correlationcoeficients with respectto the
origin statesLarge heterogeneityaluesin theorigin statetranslateinto shortspelldurations.
Consequentlythe correlationgeflectthe frequeng with which individualstransitacrosshe
variousstates.The estimateshav thatindividualswho aremorelik ely to have shortwelfare
training spellsarealsolikely to have long JRPspells. Similarly, long welfaretraining spells
arecorrelatedo long OLF spells,whereago converseappliesto JRPspells.

The last sectionof the panelreportsthe implicit correlationsbetweenthe origin andthe
destinationstates.Note thatthe correlationmatrix neednot be symmetricnor doesthe diag-
onalneedbe equalto unity. On the otherhand,the restrictionsthatwereimposedto achiese
identificationof the loadingparametersmply thatthe first row of the matrix is equalto the
first row of the matrix of themiddle section.

For the sale of brevity we will focusour attentionon the mostinterestingcorrelations.
Theestimatesuggesthatthosewho aremorelik ely to have long welfarespellsarelesslik ely
to enterwelfaretrainingandmorelik ely to enterJRP(row 1). Onthe otherhand,thosewho
arelikely to have long welfaretraining spellsarealsolik ely to transitthroughwelfareandto
returnto welfaretraining, but muchlesslik ely to transitthroughJRP(row 2). Similarly, row 3
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indicateghatindividualswho arelik ely to have long JRPspellsarelik ely to returneventually
to JRPbut arealsomuchlesslik ely to returnto eitherwelfareor welfaretrainingin thefuture.

The correlationspresentedn Table5 clearly indicatethat participationin eitherwelfare
trainingprogramsor JRPis stronglycorrelatedo unobserablecharacteristicsThe estimates
alsosuggesthatparticipantsn JRParesystematicallydifferentfrom thosewho participaten
welfaretraining programs.Finally, we find very little evidenceof selectionbiasinto the Ul
trainingprograms.

5 Conclusion

The analysishasfocusedon an examinationof the impactof government-sponsoretdaining
programsaimedat disadwantagedmale youthson their labour market transitions. We have
electedto concentrateur attentionon this group sincethey have faredrelatively poorly on
thelabourmarket over the pastdecadan Canadaby all accountsTherichnessof the dataat
our disposahasallowedusto recreatevery detailedindividual historiesover arelatively long
period.As mary asserendistinctstatesonthelabourcouldbeidentifiedin the data.

This study hasapplieda continuoustime durationmodelto estimatethe densityof du-
rationtimesin theseseven states controlling for the endogeneityof anindividual’s training
status.Most previous studieshave usedsurney or administratve datathatwerelessamenable
to thekind of analysisperformedn this paper Dependingon the natureof the data,complex
adjustmentgo the modelwere oftenrequiredto accountfor potentialproblemsrelatedto s-
tock samplingandinitial conditions. Fortunately we wereableto avoid thesedifficulties by
recreatingeachindividual’s history asearly asagel6, thelegal school-leaing agein Cana-
da. Consequentlythe initial statecanbe safely consideredexogenousandthe subsequent
durationtimesvoid of ary form of bias.

Thereis no consensu theliteratureconcerningheappropriatéreatmenof unobsered
heterogeneityn multi-statesnulti-episodeslurationmodels.Whenfew statesareconsidered,
two-factorloadingmodelswith afinite setof pointsof supporthave becomerelatively stan-
dard.Whentheanalysifocuseson morestatesfactorloadingmodelsrequirealarge number
of parameter$o beflexible or becomerelatively restrictve if a parsimoniouspecifications
used.In this papermwe have choserto investigatehe sensitvity of the parameteestimatedy
comparingatypicalnon-parametrispecificatioranda seriesof parametridwo-factorloading
models. Thesemodelshave assumedhattheintensityof transitionswererelatedto the state
of destination.We have alsoestimatedca parametridhree-actorloadingmodel. The novelty
of this specificatiorlies in the factthatthe intensitiesof transitionsarerelatedto bothto the
stateof destinatiorandthe stateof origin.
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The estimationof the modelyields a numberof interestingresults. As foundin previous
studies,unobsered heterogeneityappeargo play animportantrole in determiningwho se-
lectsor getsselectedn training programs.On the otherhand,the slopeandbaselinehazard
parameteestimatesare not very sensitve to the choiceof a particulardistribution function
for the unobsered heterogeneityariables. The two-factorloadingmodelsyield essentially
the sameresults. Theseshow thatthe durationtimesin ary of the sevenstatesconsideredare
sensitve to variationsin programparametersuchaswelfare benefits,minimum wagerate,
Ul basicbenefitrateandthe unemplymentrate. Nearly all the parameteestimatehave the
expectedsignwhenstatisticallysignificant.

Theresultspertainingto theimpactof thetrainingprogramsaresimilar to thosefoundear
lier by Gritz (1993),Bonnaletal. (1997)andFortin etal. (1999a).In essenceyoung,poorly
educateanaleswho participatan welfaretrainingprogramslofarworseonthelabourmarket
thanthosewho do not participate.Participationin the JobRe-EntryProgram a distinctwel-
faretrainingprogramsyields betterresultsin termsof emplogyment. Participantsalsoappear
to returnmuchlessto welfarethanthosewho usestandardvelfaretraining programsFinally,
participationin a Ul relatedtraining programyields positive resultsin termsof employment,
but it alsoraisesthelik elihoodof experiencingoothwelfareandwelfarespells.

Our estimateslearly indicatethat participationin the training programss definitely re-
latedto unobserablecharacteristicsMore interestingly they stressthat participantsn JRP
andthosein welfaretraining programsaredistinctgroups.To the extentwe have adequately
accountedor suchselectvity, the measuredmpactsof the varioustraining programsshould
not be contaminatedby selectvity biases.

Thereareanumberof extensiongo theempiricalresultspresente@bove thatwarrantfur-
therinvestigation Certainly it would be preferableaventuallyto controlexplicitly for ageand
schoolinglevels. Althoughwe have selectecbur samplesoasto limit the extentof variations
in thesevariables,not controlling explicitly for themmay amplify the impactof unobsered
heterogeneity Secondly the exogenousvariablesare all measuredt the beginning of each
spell,asis customaryin theliterature. A moresatishictory stratgy presumablywould be to
make thesevariablestime dependentgiventhatsomespellsarerelatively lengthy Finally, it
would beinterestinggto compareheseresultswith thosebasedn a similar sampleof women.
It is generallyacknavledgethat youngfemalecohortshave performedrelatively betterthan
comparablenalecohortsin Canadaover our sampleperiod. Theresultsreportedn this paper
suggesthattheseextensionamaywell be worth pursuing.
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Table1

SampleCharacteristics

Mean Std.dev. Mean Std.dev.
Individual withouttraining
Age whenenteringthe sample 1992 184
Education 9.84 1.03
Durationof employmentepisodegweeks} 2615 30.47
Durationof welfareepisodegweeks} 3563 34.43
Durationof unemplymentepisodegweeksj 3990 11.99
Durationof OLF episodegweeks} 4299 50.95
Proportionof time emplo/ed (weeks} 0.18
Numberof obserations 1165
Individual with training
Age whenenteringthe sample 1977 (1.95)
Education 9.72 (1.03)

Befole training Aftertraining
Durationof employmentepisodegweeks} 2426 37.13 17.44 18.25
Durationof welfareepisodegweeks} 5490 54.86 35.14 51.09
Durationof unemplymentepisodegweeks] 4125 14.41 35.73 16.83
Durationof OLF episodegweeks} 3078 38.86 18.66 21.16
Proportionof time employed (weeks} 0.17 0.16
Numberof obserations 1903

1 Calculatedfromnoncensoedepisodes.
1 Calculatedfrommeanduration in employmentuynemploymentyelfare and OLF

Table 2
Frequencyof Transitions BetweenStates
Destination| Welfare Welfare JRP U.L U.lL 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.l. 374 38 2 292 111 1380 1404
U.l. 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 Formst

Dest.| Welfare  Welfare JRP U.lL U.lL 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.lL Exp (2) Exp (2) Exp (1) Exp (3) Exp (2)
U.LL Tr Exp (1)
Emp Log-logis. Weibull  Log-logis. Log-logis. Log-logis.
OLF Exp(2) Exp (2) Exp (2) Exp (2)

t “Exp” refersto exponentialpiecavise constantazardmodel. The numberof parametersreindicatedbe-
tweenparentheses.



Table4
Parameter Estimates— Exits from Welfare

NoHet Non-Para Log-Normal Weikull Weibull Weibull
2 Factors 2 Factors 3 Factors

\\elfare to Welfare Training

Baseliné 12951  11.769 9.916 9.736 7.437 7.511
Replacement  -41844 -34.680  -34.591 -34.500 -30.710  -30.722
Minimum Wage 11507  10.464  10.558 10.624  10.132  10.12%
UnempRate 1.83% 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.2 0.133 0.126
JRP 0.486 0.486
Ul Tr? 0.123 0.127
Welfareto JRP
Baseliné -16915 -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 24425  20.06%  20.504 20511 20177  19.689
UnempRate 0.114  -2402 -2.471 2465  -2.301  -2304
WelfareBen. 1.389 0.081 0.093 0.046 0.115 0.095
Wel. Tr.? 0.56% 0.561
JRP -0.011 -0.039
Ul Tr? 0.112 0.109
\W\elfare to Unemployment
Baseliné 2.275 0.160 -5.840 -6.134 -3.910 -3511
Replacement  -30577" -16.447  -15.796 -16.035 -19.41% -18.808
Minimum Wage 12777 16.20f  16.578 16.568  16.483  15.79%1
UnempRate 1.53¢ -0.399 -0.446 -0451 -0.568 -0547
WelfareBen. 1.579 0.672 0.682 0.626 0.571 0.456
Wel. Tr.2 0.232 0.210
JRP -2.164 -2.139
Ul Tr? 0.594 0.531
Welfare to Work
Baseliné -6.268 5172 -1.084 -1426 -0.781 -0.902
-6.786 4757 -1.501 -1.836 -1.194 -1.250
-7.623 4.039 -2.253 -2.580 -1.941 -1910
Replacement -0.201  -2.715 -2.268 -2469 -3.464 -2834
MinimumWage  6.019  -0.608 -0.470 -0447 -0.345 -0.266
UnempRate -0.322  -0.106 -0.127 -0.126 -0.209 -0219
WelfareBen. -1.107 1214 -1.204 -1231 1277 1342
Wel. Tr.? 0.027 0.020
JRP -0.454 -0436'
Ul Tr? 0.314 0.273
Welfare to OLF
Baseliné -2.676  -1632 -1.661 -1.858 -1.136 -1.025
Replacement -3.865  -6.066 -6.159 -5.847 -6.859  -6669
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%  -0621 -0.522 -0590' -0.637 -0684
Wel. Tr.2 -0.209 -0.242
JRP -0.276 -0.233
U.l. Tr? 0.708 0.597
2 Exponentiahazad.

Exponentiahazad — splines.. o

» Dummyindicator for any previouswelfare training.

5 Dummyindicator for anypreviousJRP
Dummyindicator for anypreviousU.l. training
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Table 4 (Continued)

Parameter Estimates— Exits from Unemployment

NoHet Non-Para Log-Normal Weikull Weibull Weibull
2 Factors 2 Factors 3 Factors
Unemploymento Welfare
Baseliné 20617 -28.243  -29.821 -29.848 -29.184 -29.120
-17591"  -25.197  -26.778 -26.808 -26.039  -25.969
Replacement 229000 31.89f  31.726 31632 31541 31.616
Minimum Wage  -5.551 5.312 5.1258 5.12¢ 3.266 3.236
UnempRate 1.695 0.90% 0.92# 0.92# 1.084 1.093
WelfareBen. 1.620 1.289 1.313 1.314 1.403 1.401
Wel. Tr.2 0.590 0.583
JRP -0.045 -0.046
UL TrS 2.161 2.171
Unemploymento Unemployment
Baseliné 20463 -1743 -7.615 7912 -7.524 -7.390
-16.030 2.695 -3.168 -3473 -3.016 -2.884
Replacement 3.966  -1913 -1.024 -1.382 -1.547 -1442
Minimum Wage 22232 1.669 1.197 1.309 0.371 0.192
UnempRate 0.901 0.94% 0.98% 0.973 1.042 1.065
WelfareBen. -1.248 1235 -1.179 -1203 -1.161f  -1153
Wel. Tr.2 0.315 0.338
JRP 0.305 0.301
UL Tr? 1.477 1.473
Unemploymentio Unemploymentraining
Baseliné -2.325  -6534  -10.807 -10.988  -10.621  -10.482
Replacement -15630 -4.039 -4.201 -4.171 -5.389 -5474
Minimum Wage  4.588  11.050  11.140 11.207 11.962  11.918
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.2 -0.398 -0.408
Ul Tr? -0.144 -0.146
Unemploymento Work
Baseliné -557¢  10.517 4.550 3.985 4.57F 4.730
-3.400 12.708 6.753 6.181 6.788 6.938
Replacement -3.153 -10.828  -10.570 -10.526 -11.610 -11.669
Minimum Wage  8.237  -3261 -3.719 -35328 3364  -347¢
UnempRate -0.801  -0.266 -0.225 -0.235 -0.277 -0.269
WelfareBen. -0.683  -0337 -0.299 -0.326 -0.342 -0.330
Wel. Tr.3 -0.388  -0368
JRP? 0.150 0.156
U.l. Tr® 0.774 0.784
Unemploymentio OLF
Baseliné -13698  -10.051 -9.957 -10.042  -9.426  -9302
-107230  -7.069 -6.986 -7079 -6.418 -6.293
Replacement 7.97% 6.49% 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
UL Tr. 1.399 1.353

! Exponentiahazad.

§ Exponentiahazad — splines.. o
» Dummyindicator for any previouswelfare training.

5

Dummyindicator for anypreviousJRP
Dummyindicator for anypreviousU.l. training



Table 4 (Continued)
Parameter Estimates— Exits from Employment

NoHet Non-Para Log-Normal Weikull Weibull Weibull
2 Factors 2 Factors 3 Factors

Work to Welfare
Baseliné -7.102 7127 -7.093 -7.094 -7.066 -7057
1.825 1.829 1.823 1.823 1.8158 1.812
Replacement  -10487  -7783"  -10.196 -10.328  -10.418  -10.336
Minimum Wage  0.165 1.045 0.230 0.207 0.172 0.175
UnempRate 1.022 0.93¢ 1.002 1.008 1.083 1.087
WelfareBen. 1.078 0.977 1.050 1.050 1.026 1.038
Wel. Tr.2 0.698 0.697
JRP -1.167 -1.166'
U.l. Trt -0.313 -0.306
Work to Welfare Training
Baseliné -29322 7.320 5.564 5.571 2.880 3.647
3.3524  -0012 -0.019 -0.020 -0.004 -0.006
Replacement  -35936° -43.508  -43.520 -43.638 -34.00§ -35.35%
Minimum Wage 25433  26.226  26.392 26.342 18.898  18.247
UnempRate -0.107  -0610 -0.623 -0614 -0.282 -0.161
WelfareBen. -1.249  -1.389 -1.380 -1374 -0.818 -0629
Wel. Tr.2 1.281 1.267
JRP 0.510 0.500
Ul Tr? -1.067 -0.996
Work to Unemployment
Baseliné 6.340  -6453 -6.497 -6.468' -6.474 -6.445
0.687 0.678 0.671 0.671 0.673 0.672
Replacement -2.411 7.29% -0.444 -1208  -1.309 1171t
Minimum Wage  3.196 5.624 3.772 3.612 3.734 3.75%
UnempRate -0.808  -0959 -0.934 0896  -0.89¢  -0910
WelfareBen. -0.086  -0436' -0.228 -0251 -0.265  -0261
Wel. Tr12 0.101 0.111
Wel. Tr25 -0.216 -0214
u.l. Tr1® -0.130 -0.125
Ul Tr2® 1.524 1.484
Work to Work
Baseliné 4758 4722 -4.683 -4.687" -4.698 4713
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 -3021F  -2.457 2467
UnempRate -0.953  -1019 -1.046 -1036f  -1.030  -1.036
WelfareBen. 0.013  -0.28% -0.122 -0.142 -0.180 -0.159
Wel. Tr12 -0.248 -0.240
Wel. Tr25 -0.122 -0.123
u.l. Tra® 0.014 0.027
U.l. Tr28 -0.667 -0.716
Work to OLF
Baseliné -6.350  -6.283 -6.332 -6.336' -6.356 -6.310
1.650 1.626 1.641 1.642 1.6458 1.628
Replacement -0.060  -0.267 -0.480¢ -0.319 -1.208  -1.246
Minimum Wage -3.623  -3903 -3.774 3811t -2.606 @ -2717
UnempRate -0.974  -091¢6 -0.911 0908  -0918  -0877
WelfareBen. 0.269 0.321 0.317 0.333 0.260 0.293
Wel. Tr1? -0.287 -0.286'
Wel. Tr2? -0.572 -0586'
u.l. Tr1? -0.488 -0453
U.l. Tr28 -1.233 -1.237
5 Log-logistic.

; Dummyindicator for any previouswelfare training
2 Dummyindicator for any previous JRR
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Table 4 (Continued)

Parameter Estimates— Exits from OLF

NoHet Non-Para Log-Normal Weikull Weibull Weibull
2 Factors 2 Factors 3 Factors
OLF to Welfare
Baseliné 9.050 -21.852 -23.272 -23.247 21271 -21.20%1
8.014 -22.698 -24.168 -24.150 -22.170  -22.082
Replacement -6.865 24.988  24.469 24301 21054 21.196
Minimum Wage -22989  10.913  10.664 10.630  10.589  10.576
UnempRate 0.384  -0425 -0.378 03760  -0.386  -0.396
WelfareBen. 1.759  -0.002 0.039 0.049 0.038 0.032
Wel. Tr.2 0.261 0.251
JRP -1.236 -1229
Ul Tr? 0.106 0.101
OLF to Welfare Training
Baseliné 179260  -6.003"  -10.899 -10.984  -8.83F7  -8868
16876  -6818" -11.708 211,791 -9.634  -9662
Replacement  -64337" -29.309 -25.939 -25.960 -25.370  -26.066
Minimum Wage 23722 34.228  36.886 36.923 30.886  31.237
UnempRate 1.865 0.547 0.351 0.341 0.940 0.961
WelfareBen. 1.75%  -1772 -1.824 -1819 -1.769 -1681
Wel. Tr.2 0.710 0.711
JRFP -0.036 -0.087
Ul Tr? 0.105 0.201
OLF to Unemployment
Baseliné 17926  -6003  -10.899 -10.984 -8.837 -8.868
16876  -6818 -11.708 -11.791 -9.634 -9662
Replacement  -18873  10.249 9.571 8.979 4.909 5.430
Minimum Wage -24418 8.75% 8.567 8.549 9.187 9.178
UnempRate -1.791  -2838 -2.897 2919 2926  -2984
WelfareBen. 1.047  -0.309 -0.321 -0.326 -0.351 -0.359
Wel. Tr.2 -0.913 -0.906
JRP -0.046 -0.043
Ul Tr? -0.380 -0.375
OLF to Work
Baseliné 11804  -2.367 -8.497 -8.596f -6.903 6977
11148  -2701 -8.830 -8.923 -7.233 -7313
Replacement -6.328 12.069  12.46% 11.918 9.093 9.477
Minimum Wage -22641 3.718 3.728 3.742 3.719 3.664
UnempRate -1.95¢  -2861 -2.896 2934 293¢  -2957
WelfareBen. 0.098 -0554 -0.587 -0593 -0.596 -0585
Wel. Tr.2 -0.008 -0.007
JRP -0.617 -0618
Ul Tr? 0.130 0.151
3 Exponentiahazad.

Exponentiahazad — splines.. o
Dummyindicator for any previouswelfare training.
Dummyindicator for anypreviousJRP
Dummyindicator for anypreviousU.l. training
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Table 4 (Continued)
Parameter Estimates— Exits from Training

NoHet Non-Para Log-Normal Weikull Weibull Weibull
2 Factors 2 Factors 3 Factors

Welfare Training to Welfare

Baseliné -4.927  -4997 -4.951 -4949  -4950  -5.036
0.508 0.504 0.506 0.506 0.506 0.49¢
Replacement 14105  16.989  14.470 14.324  14.326  15.040
Minimum Wage -16050° -14.842  -15.840 -15.877 -15.893 -15.543
UnempRate -0.892  -1027 -0.939 0923  -0917%  -098¢
WelfareBen. 0.325 0.131 0.287 0.277 0.277 0.158
\\elfare Training to Work
Baseliné -3.971  -4087 -4.107 -4127  -4123  -4230
0.277 0.277 0.270 0.264 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 3.90¢
UnempRate -0.957  -1.096' -0.884 -0864  -0.85% -0814
WelfareBen. -0.619  -1.233 -1.019 -1063  -1.060  -1.234
Welfare Training to OLF
Baseliné -5.187 5134 -5.140 5124 5124 5151
0.403 0.408 0.401 0.403 0.403 0.404
Replacement  -16086 -16.959  -16.778 -16.747  -16.672  -16.234
Minimum Wage 14358  14.417  13.960 13.984  13.957  14.333
UnempRate -0.483  -0515 -0.430 -0430 -0.439  -0486
WelfareBen. -0.219  -0012 -0.014 0.024 0.021  -0.108
JRPto Work
Baseliné 3.612 5.668 -3.143 -2.889 -3.037  -4420
Replacement  -14331F  -8461 -5.173 -5.844 -5.767  -5134
MinimumWage  6.240 9.809  11.792 11.488  11.655  11.94%
UnempRate -0.276 -0877 -1.024 -1.035 -1.047 -1.104
WelfareBen. -0.581  -1.467 -1.438 -1731 -1.731 0670
Unemploymentraining to Unemployment
Baseliné 5.363 7.502 1.457 0.920 1.233 0.822
Minimum Wage -20820° -11.370 -9.906¢ 9984 -10577% -10.712
UnempRate 0.480 1.57% 1.452 1.525 1.559 1.544
WelfareBen. -0.084 0.369 0.157 0.231 0.213 0.506
5 Log-|

ogistic,
Exponentiahazad.



Table 4 (Continued)
HeterogeneityParameters

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

Probability 0.614

w1 -1.866

wa -2.364

b2 -0.116 -0.221 -0.365 -0.184 -2.980
b3 3.757 7.781 8.304 8.209 8.173
by 2.337 5.455 6.201 6.037 8.879
bs 1.323 0.447 0.244 -1.091 -1.691
be 2.585 5.493 6.432 6.168 7.722
by -1.180 -2.501 -2.938 -2.876 -4.902
b, 2.768
bl 3.093
A -7.131
b 0.333
b -8.563
A -0.437
b, 0.738
L -1.629

o -0.566

A 9.493 9.057 14685

0.163 0.147 0.216

y
Log-likelihood -150668.6 -149774.2 -149847.8 -149818.9 -149474.8 149422.6

iStatisticallysignificantat 5%
Statisticallysignificantat 10%



Table5

Corr elations BetweenHeterogeneityVariables

(Standard Err ors in Parentheses)

Welfare
Wel. Tr.
JRP

ul

Ul Tr.

Emplo.

Welfare
Wel. Tr.
JRP
U.l.

Ul Tr.

Emplo.

Welfare Welf. Tr. JRP Ul Ul Tr.  Employ. OLF
TwO-FACTOR LOADING MODEL — NON-PARAMETRIC
1.000 -0.157 0.982 0954 0875 0.962 -0.850
(0.195) (0.010) (0.010) (0.236) (0.007) (0.023)
1.000 0.035 0.145 0.340 0.118 0.653
(0.200) (0.197) (0.495) (0.196) (0.150)
1.000 0.994 0952 0997 -0.734
(0.006) (0.151) (0.004) (0.051)
1.000 0.980 1.000 -0.654
(0.098) (0.001) (0.052)
1.000 0.974 -0.489
(0.111) (0.430)
1.000 -0.675
(0.048)
TwO-FACTOR LOADING MODEL — LOG-NORMAL DISTRIBUTION
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)
1.000 -0.089 -0.036 0.803 -0.037 0.563
(0.271) (0.272) (1.108) (0.272) (0.221)
1.000 0.999 0521 0999 -0.874
(0.002) (1.571) (0.002) (0.029)
1.000 0.566 1.000 -0.846
(1.516) (0.000) (0.032)
1.000 0.565 -0.040
(1.518) (1.841)
1.000 -0.847

(0.031)




Table 5 (Continued)

Corr elations BetweenHeterogeneityVariables
(Standard Err ors in Parentheses)

Welfare
Wel. Tr.
JRP
U.l.

Ul Tr.

Emplo.

Welfare
Wel. Tr.
JRP
U.l.

Ul Tr.

Emplo.

Welfare  Welf. Tr. JRP Ul Ul Tr.  Employ. OLF

TwoO-FACTOR LOADING MODEL

WEIBULL DISTRIBUTION - NO DUMMY INDICATORS

1000 -0.343 0993 0987 0237 00988 -0.947
(0.266)  (0.004) (0.004) (2.413) (0.003) (0.012)
1.000 -0.228 -0.189 0.832 -0.195  0.627
(0.278) (0.281) (1.390) (0.280) (0.218)
1.000 0999 0.351 0.999  -0.901
(0.001) (2.325) (0.001) (0.026)
1.000 0388 1.000 -0.883
(2.288) (0.027)
1.000 0.383  0.089
(2.294)  (2.475)
1.000  -0.886
(0.026)
TwO-FACTOR LOADING MODEL

WEIBULL DISTRIBUTION - WITH DUMMY INDICATORS
1000 -0.181 0993 0987 -0.737 00987 -0.945
(0.337)  (0.004) (0.004) (0.943) (0.003) (0.013)
1.000  -0.061 -0.018 0.798 -0.021  0.494

(0.341) (0.344) (0.872) (0.344) (0.296)
1.000 0999 -0.650 0.999  -0.898
(0.002) (1.062) (0.001) (0.027)

1.000 -0.617 1.000 -0.878
(1.098) (0.000) (0.028)

1.000 -0.619  0.918

(1.096)  (0.552)

1.000  -0.880

(0.027)




Table 5 (Continued)
Corr elations BetweenHeterogeneityVariables
Thr ee-Factor Loading Model
(Standard Err ors in Parentheses)

Welfare
Wel. Tr.
JRP

ul

Ul Tr.

Emplo.

Welfare
Wel. Tr.
JRP
U.l.

Ul Tr.

Emplo.

Welfare
Wel. Tr.
JRP

ul

Ul Tr.
Emplo.

OLF

Welfare Welf. Tr. JRP Ul Ul Tr.  Employ. OLF

CORRELATION BETWEEN DESTINATION STATES

1.000 -0.948 0093 0094 -0.861 0992 -0.980
(0.026)  (0.006) (0.002) (0.568) (0.002) (0.007)
1.000  -0.902 -0.906 0.978 -0.899  0.992

(0.042) (0.038) (0.232) (0.040) (0.007)
1.000 0998 -0.792 0.998  -0.948
(0.001) (0.682) (0.000) (0.020)

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

1.000 -0.788  0.945

(0.687)  (0.363)

1.000  -0.946

(0.015)

CORRELATION BETWEEN ORIGIN STATES

1000 0951  -0.990 0316 -0.993 -0.401  0.594
(0.027)  (0.006) (0.756) (0.006) (0.369) (0.197)
1.000  -0.900 0592 -0.909 -0.099  0.812

(0.046) (0.622) (0.045) (0.374) (0.123)
1.000 -0.181 1.000 0.524 -0.476
(0.784) (0.002) (0.346) (0.223)

1.000 -0.204 0.743  0.951
(0.782) (0.467) (0.225)

1.000 0504  -0.496

(0.350)  (0.221)

1.000  0.500

(0.310)

CORRELATION BETWEEN ORIGIN-DESTINATION STATES

1000 0951 -0.090 0316 -0.993 -0401 0594

(0.027)  (0.006) (0.756) (0.006) (0.369) (0.197)
-0.948 -0.902  0.939 -0.299 0942 0.380 -0.563
(0.026) (0.044) (0.028) (0.720) (0.028) (0.345) (0.197)
0.993 0944 -0.983 0313 -0.986 -0.398  0.589
(0.006) (0.028)  (0.009) (0.751) (0.009) (0.367) (0.196)
0.994 00946 -0.984 0314 -0.987 -0.398  0.590
(0.002) (0.028) (0.007) (0.751) (0.007) (0.367) (0.196)
-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)
0.992 0944 -0.982 0313 -0.985 -0.397  0.589
(0.002) (0.028) (0.007) (0.750) (0.007) (0.366) (0.196)
-0.980 -0.932  0.970 -0.309 0973 0.392 -0.582
(0.007) (0.031) (0.010) (0.742) (0.010) (0.360) (0.196)
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