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1. Introduccion

Los efectos de la crisis econdmica experimentadasdltimos afios por todos los paises de
la Union Europea, y la consecuente escasez de soscupublicos destinados a la
implementacion de politicas econémicas, han puastmanifiesto la necesidad de evaluar
con rigor los efectos de la aplicacion de una & ptedida de politica econdmica. El objetivo
de este tipo de evaluaciones es, ademas de coantlbs efectos provocados por la
implementacion de la medida, utilizar dicha infoonda para contrastar si el resultado
conseguido ex-post se aproxima (y en qué medidejeato perseguido ex-ante, cuando se

disefia la politica.

Gracias a la disponibilidad de grandes bases deodatos, y al avance de las técnicas
economeétricas y de computacion, en los ultimos a®$fa producido un desarrollo muy
importante de las técnicas economeétricas de evaluaausal. Esta metodologia adopta el
enfoque propio de la medicion de resultados enyessalinicos, y tiene como objetivo
desarrollar herramientas estadisticas y econoraétpara cuantificar el efecto causal de una

determinada intervencion de politica econdémica.

La presente tesis doctoral tiene por objetivo haeeso de las herramientas
microeconomeétricas propias de la metodologia déuagin causal, para implementar un
ejercicio de evaluacion de una serie de medidamltigca econdmica que han sido aplicadas

al mercado laboral espafiol.

En el capitulo 2, se lleva a cabo un ejercicio wkuacion con el objetivo de cuantificar el
efecto que una determinada prestacion asisteneidesempleo puede estar teniendo sobre la
oferta de trabajo del colectivo afectado por lamais El disefio de las prestaciones por
desempleo, y los posibles efectos desincentivo épie puede tener sobre la actitud de
busqueda de empleo, han sido ampliamente estudédiasliteratura empirica. El capitulo 2
estudia concretamente el efecto de una prestacdnlgsempleo disefiada especificamente
para el mercado de trabajo agrario de las regideesndalucia y Extremadura. El estudio se

realiza para el periodo 2004-2009.

En estas regiones, hasta la entrada en vigor tleylad5/2002" existia una prestacién por

desempleo destinada al colectivo de trabajadoremteales agrarios por cuenta ajena,

! Ley 45/2002, de 12 de diciembre, de medidas uegqdra la reforma del sistema de proteccién pserdpleo
y mejora de la ocupabilidad.
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denominada Subsidio Agrario. La particularidad oénal prestacion es que su disefio mezcla
aspectos propios tanto de una prestacion de cam@mbéributivo como asistencial. Por su
parte, el caracter asistencial esta destinado rér ¢utancieramente las recurrentes situaciones
de desempleo sufridas a lo largo del afio por dwblectivo de trabajadores, debido al
caracter ciclico de las camparias agricolas. Siragnpbdesde la perspectiva contributiva, el
disefio de la prestacién no contempla una relac@prdporcionalidad entre el nimero de
dias cotizados y el numero de dias de prestacgin. ds, el disefio exige un nimero minimo
de dias cotizados (entre 30 y 36, dependiendo gitulacion familiar del trabajador), a partir
del cual se tiene derecho a una prestacion cuyatiau&5% del IPREK) y duracién (6
meses de prestacion) son fijas y, en consecuani@ijmporte ni la duracion de la prestacion
aumentan con el nimero de dias cotizados por ert@n@inimo exigido. Este es el aspecto
que se analiza en el Capitulo 2: los efectos destivadores que el disefio del Subsidio

Agrario pueden estar teniendo sobre la ofertaat®jo agrario en Andalucia y Extremadura.

Los efectos desincentivo del Subsidio Agrario h@o previamente analizados por Garcia-
Pérez (20045.En ese trabajo, haciendo uso de un sencillo mddéhico de oferta de trabajo
individual a corto plazo, se analizan los efectae gl disefio de la prestacion puede tener
sobre la oferta de trabajo (medido como el niumerodiths trabajados al afio) de los
beneficiarios de la prestacion. Concretamenteytaaidn de la prestacion alcanza su maximo
(180 dias anuales) cuando el trabajador cotizadamero minimo de jornadas, en torno a 35
jornadas’ De modo que, un mayor nimero de dias cotizado®lpoeneficiario por encima
del minimo requerido, no generan un aumento ni arcuantia, ni la duracion, de la
prestacion. Garcia-Pérez (2002) representa lac@étr presupuestaria a la que se enfrenta un
trabajador eventual agrario representativo, beiagficde esta prestacion, y analiza el Efecto
Renta provocado en el punto en el que el trabajaldanza el nimero minimo de jornadas

cotizadas.

Asi mismo, haciendo también uso de las herramieantaliticas de un modelo estandar de
oferta de trabajo individual a corto plazo, se iaaal también varios disefios alternativos al

mismo, como por ejemplo, el caso en que la prestdaiese contributiva.

Z Indicador Publico de Renta de Efectos Mdltiples.

% Garcia-Pérez, J. 1. (2002): “Algunas ideas enaana reforma del sistema de subsidio de desenpziem
trabajadores agrariosTemas de Actualidad centrA2002/01.

4 Este nimero varia segln la edad del beneficigris, este tiene o no responsabilidades familiangss a
cargo). Ademas, las sucesivas reformas que esttapi@n ha sufrido se han destinado, entre otr{iots, a
modificar dicho nimero minimo de jornadas cotizaggsieridas para acceder a la prestacion.
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A diferencia del enfoque tedrico llevado a cabo @arcia-Pérez (2002), en el Capitulo 2 de
la presente tesis doctoral se adopta un enfoqudriempConcretamente, la estrategia
empirica implementada para llevar a cabo estesisatie basa en dos importantes aspectos:
Por un lado, la entrada en vigor de la citada L®2@02 establece la desaparicion gradual del
Subsidio Agrario. Y, por otro lado, la introducci@m 2003 (mediante el Real Decreto
426/2003 de una medida de politica econémica que introduwe nueva prestacién por
desempleo destinada al mismo colectivo de trabegadda Renta Agraria. Esta prestacion
comparte practicamente las mismas caracteristioaset] anterior Subsidio Agrario, pero
aflade una escala de proporcionalidad entre el mideedias cotizados y la duracién de la
prestacion. El objetivo del Capitulo 2 es analgampacto que este incentivo monetario ha

tenido sobre la oferta de trabajo agrario en Artdaly Extremadura.

El cambio normativo producido por la introducciém sendas normas, la Ley 45/2002 vy el
Real Decreto 426/2003, aporta un marco propicioa panplementar un ejercicio de

evaluacion causal. Esto es, la coexistencia depdestaciones por desempleo aplicadas al
mismo colectivo de individuos: los trabajadores ntwales agrarios de las regiones de
Andalucia y Extremadura. De este modo, en dichdisssm&@e evaluacion causal, podemos
definir un grupo de tratamiento (los beneficiaritesla nueva Renta Agraria) y un grupo de
control (los beneficiarios del antiguo Subsidio &gp), minimizando el riesgo de tener

problemas de seleccion endogena.

Asi, analizamos una muestra de trabajadores protaside laMuestra Continua de Vidas
Laborales y empleando técnicas microeconométricas pdepensity scorey matching
stimators cuantificamos el efecto que la nueva medida diéiga la Renta Agraria, ha tenido
sobre la oferta de trabajo agrario en Andaluciatyefnadura. Nuestros resultados apuntan
gue, en general, los individuos que han gratadoscon Renta Agraria trabajan en media
mas dias al afio (en torno a 70 dias los hombr&80ydias las mujeres) que aquellos que

perciben el Subsidio Agrario.

Finalmente, y de cara a futuros trabajos de ingasitbn en esta linea, la Ley 45/2002,
ademas de establecer la eliminacion gradual deti@iobAgrario y su sustitucion a través de

la Renta Agraria, también introdujo un nuevo sistede proteccion por desempleo de

® Real Decreto 426/2003, de 11 de abril, por el spieegula la Renta Agraria para los trabajadoreatesles
incluidos en el Régimen Especial Agrario de la $iegd Social residentes en las Comunidades Autésaiaa
Andalucia y Extremadura.
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caracter esencialmente contributivo. Ante estomadede replicar el mismo ejercicio de
evaluacion propuesto en el Capitulo 2 empleandodiies mas recientes de la Muestra
Continua de Vidas Laboralésun ejercicio adicional consistiria en evaluar alpp de
trabajadores eventuales agrarios que se enmarcahsetema de prestacion por desempleo
contributivo mencionado. De este modo, podriamaenay estimaciones mas robustas sobre
el efecto que los incentivos derivados del dise@odidtintas politicas pasivas de empleo

pueden estar provocando en una determinada pobldeitndividuos.

El Capitulo 2 de la presente tesis doctoral fudipatio en forma de articulo cientifico en la

revistaHacienda Publica Espafiola Revista de Economia Baklh Febrero de 2012.

Por su parte, el Capitulo 3 aborda el problemaddsémpleo juvenil en el mercado laboral
espaniol, centrandose en el colectivo de jovene241#ios) con nivel educativo medio-bajo
(aquellos sin estudios universitarios), y en laslides de politica econdmica enmarcadas a
mejorar la empleabilidad de estos. Concretameet@naliza el efecto del Contrato para la

Formacién y el Aprendizaje, introducido en 1998¢iaste el Real Decreto 488/1998.

El desempleo juvenil es un problema estructuralndeicado laboral espafiol que, ademas,
como se puede ver en la Tabla 1 y el Grafico haseisto gravemente acrecentado a partir
del comienzo de la crisis economica que comenzél exfio 2008. Hasta el comienzo de la
crisis, la brecha existente entre la tasa de parenjl (16-24 afos) y la tasa de desempleo
general se ha mantenido constante en torno a ltbpporcentuales (p.p.). Sin embargo, la
llegada de la crisis en 2008 ha puesto de martfiastiebilidad de este importante segmento
de la oferta de trabajo en el mercado laboral edpkEibrecha existente entre ambas tasas de
paro ha crecido hasta alcanzar un maximo de 30ep.pel primer trimestre de 2013. De
hecho, con datos del dltimo trimestre disponib,52T4, la diferencia sigue siendo superior
a 25 p.p. Ademas, como podemos ver en el Grafigga&ce que el aumento en la tasa de
desempleo juvenil ha sido especialmente importamtel mercado laboral espafiol, cuando lo

comparamos con otros paises europeos.

® En la actualidad, la Gltima oleada de la que dispws corresponde a la MCVL 2014.

" Enlace a la web del Instituto de Estudios Fiscatesm el volumen donde se encuentra la publicacion:
http://www.ief.es/documentos/recursos/publicacifnessstas/hac_pub/199 Sumario.pdf

8 Real Decreto 488/1998, de 27 de marzo, por ekgu#esarrolla el articulo 11 del Estatuto de l@bajadores

en materia de contratos formativos.
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Gréfico 1 Tasa de paro segun grupo de edad
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Gréfico 2 Tasas de paro juvenil (15-24) en la UE
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Tabla 1 Tasas de Actividad y de Paro segun nivel educativo

Poblacion 16-24 afios 2005 2008 2012 2015
POBLACION ACTIVA (Tasa de Actividad)

- Estudios primarios 269.55652,60%) 359.250 (54,59%) 239.063 (43,10%) 122.075 (46,91%)
- Estudios secundarios 1.771.1388,90%) 1.633.519 (48,43%) 1.143.038 (37,17%) 1.023.921 (31,87%)
- Estudios superiores 428.47%67,65%) 381.259 (65,95%) 342.418 (62,76%) 340.832 (64,96%)
DESEMPLEADOS (Tasa de Paro)

- Estudios primarios 54.23923,72%) 162.829 (45,32%) 163.112 (68,23%)  65.366 (53,55%)
- Estudios secundarios 332.35618,52%) 458.014 (28,04%) 637.578 (55,78%) 503.743 (49,20%)
- Estudios superiores 74.23016,44%)  66.901 (17,55%) 144.888 (42,31%) 118.431 (34,75%)
Tasa de Paro juvenil (16-24) 18,62% 28,97% 54,83% 6,24

Tasa de Paro general (16-64) 8,71% 13,79% 25,77% ,9020

Fuente: Elaboracion propia a partir de microdat®a Ecuartos trimestres)

La Tabla 1 muestra los datos de poblacion actidasgmpleo, junto con las tasas de actividad
y paro, para la poblacion de 16 a 24 afios, emtbstiafios del periodo 2005-2015. Esta tabla
refleja claramente dos de las principales caratiesis del desempleo juvenil en el mercado
laboral espafol: la tasa de desempleo juvenil egobgralmente alta, y muy sensible al nivel
educativo. En 2005, tres afios antes del inicioaderikis, la tasa de paro general (16-64)
estaba por debajo del 9% (8,71%), 10 p.p. infaxita de los jovenes (18,62%). Con el inicio
de la crisis, dicha brecha ha aumentado signifiaatente, alcanzando una diferencia de 29
p.p. en el cuarto trimestre de 2012. Y parece gteediferencia persiste: en el cuarto trimestre
de 2015, con una tasa de paro general del 20,9%séde paro juvenil (46,24%) sigue

siendo 25 p.p. superior.

Ademas, la crisis econdmica ha provocado un hecleong habiamos visto hasta ahora: el
aumento continuado de desempleados de larga dar@omafio o mas buscando empleo)
entre la poblacion de 16 a 24 afos. En efecto,réfic® 3 muestra como el problema del

desempleo de larga duracién en el mercado labspalf®l estd comenzando a afectar (con la
misma intensidad que a la poblacion general) ealgd de poblacion mas joven (16-24) en el
mercado laboral. Hasta el ultimo trimestre de 2@0porcentaje de parados de larga duracion
entre la poblacion joven (16-24) se ha mantenidd p(Qp. por debajo de la tasa de paro de
larga duracion de la economia espariola (16-64)eimargo, parece que la crisis econémica
ha contribuido a aumentar la incidencia del desempmle larga duracion entre los mas

jovenes, acercando ambas tasas, sobre todo eminosrgs afios de crisis. De hecho, entre

2008-T1 y 2010-T1, la brecha media entre ambas fasade 6 puntos porcentuales.
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Grafico 3 Tasa de paro de larga duracién
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Fuente: Elaboracion propia a partir de microdates E

La pérdida de capital humano y los efectos estigma una prolongada estancia en el
desempleo provocan sobre las posibilidades de leerhpn sido ampliamente analizados en
la literatura (Machin and Manning, 1999%in embargo, existen menos trabajos que analicen
los efectos negativos del desempleo de larga durasbbre la poblacidon joven (ver por
ejemplo, Mroz and Savage, 2008).

Las razones que apuntan al comportamiento de dad@slesempleo juvenil en la economia
espafnola pueden ser varias, si bien entre lasipales, podemos apuntar a la elevada
dualidad existente en el mercado laboral espafma(@et al, 2013a)** Segtin vemos en el
Grafico 4, en el periodo 1999-2015, la tasa de teatidad entre los jovenes (16-24) es mas
de 35 p.p. superior a la tasa de temporalidad §)6d6 la economia espafiola. La elevada
destruccion de empleo temporal provocada desdemsieazo de la crisis en 2008 explica

buena parte de las elevadas tasas de desemplad ph&ervadas.

® Machin, Stephen and Alan Manning (1999): “The eauand consequences of longterm unemployment in
Europe”, Handbook of Labor Economics, Volume 3tRarChapter 47, pp. 3085-3139.

¥ Thomas A. Mroz and Timothy H. Savage (2006): “Tibag-Term Effects of Youth Unemploymen@ournal
of Human ResourceSpring 2006, Vol. XLI, No. 2, pp. 259-293.

Y Juan J. Dolado, Florentino Felgueroso y Marcekdan(2013): “Spanish Youth Unemployment: Déja Vu”,
IntereconomicsLeibniz Information Centre for Economics.
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Los efectos perniciosos derivados del encadenamidat contratos temporales de corta
duracién, asociados a trabajos de baja productlyigaelacionados con una escasa inversion
en capital humano por parte de las empresas hatéatpo de trabajadores, han sido
ampliamente estudiados (ver por ejemplo, Rebol@12"* conformando lo que se conoce en

la literatura como la “trampa de la temporalidad”.

Grafico 4 Tasa de temporalidad
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Fuente: Elaboracion propia a partir de microdates E

Por otra parte, Doladet al (2013b)*® muestran con datos de la Encuesta de Poblacién
Activa para el periodo 2002-2009, que tras dos &fiosl mercado laboral, un 40% de los
jovenes (16-24 afios) espafioles aun no han encdentracontrato indefinido. Asi mismo,
este informe pone de manifiesto los problemas dpleahilidad de la poblacién joven en
Espafa derivados de la falta de experiencia lapaaaiendo especial hincapié en el reducido
porcentaje de jovenes que acumulan experienciadbboentras estan en la etapa educativa.
Concretamente, la escasa atencién prestada antadi@m dual dentro de la empresa como

politica activa de empleo para, via aumento derddyztividad y la adquisicion de capital

2 Rebollo-Sanz, Yolanda F. (2011): "Landing a peremarcontract in Spain: Do job interruptions and kyer
diversification matter?"The Manchester Schqafol. 79, No. 6, pp. 1197-1236.

133.J. Dolado, M. Jansen, F. Felgueroso, A. FueatesA.Wolfl (2013): “Youth labor market performanin
Spain and its determinants: a micro level perspettOECD Economics Department Working Paper n@910

17



humano especifico al puesto de trabajo, reactimarerhpleabilidad de los jévenes al

incorporarse al mercado laboral.

Por ello, en 1998 se introdujo en Espafia el deraaoirContrato para la Formacion y el
Aprendizaje. Este contrato temporal integra la &igon de formacion profesional por parte
del trabajador, en el marco del sistema de educa®@lada, junto a la realizacion de
practicas remuneradas en la empresa. Sin embargoafeco 5 muestra el escaso uso que se
ha hecho de este tipo de contrato en el periodizada en la presente tesis doctoral, que es
2000-2009" Entre los afios 2002 y 2006, el nimero de contratmsativos registrados en
Espafa estaba en torno 120.000 contratos anualedntero medio de contratos temporales,
distintos al formativo, registrados en el mismoiqdo fue superior a 14,5 millones). Y a
partir de 2007, con la llegada de la crisis, el efonde contratos formativos se reduce
practicamente a la mitad, hasta llegar a los 60dd@é@nte el periodo 2009-2012.

A partir de 2012, sin embargo, el nimero de coodgr&trmativos registrados experimenta un
aumento considerable, hasta llegar a casi 180/0@0#¥5. Una de las medidas incluidas en la
reforma laboral aprobada a principios de 2012 fuauenento de la edad maxima para ser
beneficiario de este tipo de contrato, desde losa®4a los 29 afos. Puede que dicho aumento
en el limite de edad explique gran parte de est@riento.

Grafico 5 Namero de contratos formativos registrados
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Fuente: Estadisticas de Movimiento Laboral Redisti@linisterio de Empleo y Seguridad Social)

14 El periodo analizado en el capitulo que aborda tsha (Capitulo 3) va desde el afio 2000 hasta. 2609
razon de esto es evitar sesgos derivados del efedt crisis econdmica, que a partir de 2009 satéa, sobre
todo para la poblacién joven y, en especial, mémwsada.
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Existe abundante literatura empirica que analizananhos paises de la Unién Europea el
efecto de este tipo de contrato laboral sobre Ipleabilidad y la estabilidad laboral de los

jovenes. El resultado general que obtienen es gumrmacion recibida de forma dual

mientras se estd empleado, aumenta las posibiidd&leeempleo tras pasar por el contrato
formativo. Sin embargo, para el mercado laborabiéspno existen trabajos que analicen el
efecto de este tipo especifico de contrato lab&mbablemente, la no disponibilidad de una
adecuada base de microdatos destinada a la cordunidsstigadora sea la razon principal de
la ausencia de este tipo de trabajos. La puesispagicion para la comunidad investigadora
de la Muestra Continua de Vidas Laborales a pdeti2005 ha hecho posible llevar a cabo el

ejercicio de evaluacion planteado en el Capitule 8sta tesis doctoral.

Este Capitulo contribuye a esta literatura empievaluando los efectos del contrato
formativo en la carrera laboral a corto y mediapldel colectivo de jovenes beneficiarios de
dicho contrato. La estrategia empirica adoptada plo se basa de nuevo en el enfoque de
evaluacion causal, definiendo un tratamiento y,tanto un grupo de individuos tratados y un
grupo de control. El objetivo es estimar el efat#adicho tratamiento evaluando la diferencia

estimada entre ambos grupos.

En el ejercicio de evaluacién propuesto, el tratana viene dado por estar empleado con un
contrato formativo. Dada la definicion del tratam@g para evitar la presencia de seleccion
endogena al mismo, la estrategia empirica se basdo® aspectos: 1) la seleccion de la
muestra de individuos; y 2) la inclusién en el mlodeconométrico de una ecuacion de
seleccién al tratamiento, mediante la cual se otmfpor factores tanto observables como
inobservables que pueden afectar a la entrada erereldo laboral a través de un contrato

formativo.

Por tanto, estimamos un modelo de duracién en bedfigzreto, que contempla la estancia del
trabajador en dos estados distintos, empleo y dasemasi como la salida hacia varios
destinos (riesgos en competencia) desde cada uihus dios estados definidos. EI modelo
contempla la presencia tanto de heterogeneidad na@lose como de heterogeneidad
inobservable. Una contribucion de este modelo, sgieaproxima al enfoquetirhing-of-

eventd propuesto por Abbring y Van den Berg (2063)es que incluye una ecuacion

adicional mediante la cual se estima la tasa dedle al tratamiento, controlando los factores

1> Abbring, Jaap H., and Gerard J. van den Berg (R0U8e Nonparametric Identification of TreatmerffeEts
in Duration Models”, Econometrica, 71, 1491-1517.
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gue pueden afectar a la seleccion al tratamieadg tobservables (caracteristicas personales,
territoriales, ciclo econémico, etc), como sobi@otinobservables.

Los resultados del Capitulo 3 apuntan a la preaateiun efectstepping-stonemediante el

cual tener un contrato formativo, en comparacion tener otra modalidad de contrato
temporal, reduce la probabilidad de salir al desemplurante los dos primeros afos, y
aumenta la probabilidad de transitar directameni@ [ob-to-job) hacia otro contrato

temporal, y especialmente, hacia un contrato indkfi Aunque la presencia de este efecto
depende significativamente de la duracion del rnmagato, es decir, del tiempo que el
individuo ha estado empleado con el contrato farmaisi, para individuos tratados menos

de dos afos apenas se aprecian aumentos sigadeat la probabilidad de re-empleo.

Por otro lado, la Ultima reforma labdfalmplantada a principios de 2012, amplia la edad
maxima para acceder a un contrato formativo, pasda®4 a 29 afios, siempre que la tasa de
desempleo nacional sea al menos del 15%. Dadorddicaexdgeno que esto ha producido en
los criterios para acceder al tratamiento, unansxd@ del ejercicio propuesto en el Capitulo
3, y en la cual ya se esta trabajando, es el plamémto de un ejercicio para estimar el efecto
del contrato formativo en el subgrupo de pobladén25 a 29 afos, que desde Febrero de
2012 (con la introduccion de la ultima reforma lathpsi puede acceder a dicha modalidad
contractual. Para ello, se planteara, en el masard modelo de duracidbn semejante al

estimado en el Capitulo 3, un ejercicio de Diferasen-Diferencias.

Adicionalmente, se pretende estimar el cambio pado por este cambio normativo
exdgeno, a través de un disefio de Regresion emmdigsgidad Regression Discontinuity
Desigr). Para ello, se hace uso de una version del mosldoométrico que incluye la
estimacion de una ecuacion de condiciones inigialesugar de una ecuacion de transicion al

tratamiento-’

Finalmente, el Capitulo 4 adopta un enfoque instntal que consiste, por un lado, en la
derivacion detallada de las expresiones algebraieda funcion de verosimilitud propuesta

para el modelo de estimacién empleado en el Capdtuhsi como las expresiones, tanto de
las derivadas de primer orden que componen el vgcaoliente del modelo propuesto, como

'8 Introducida a través d&eal Decreto-Ley 3/2012, de 10 de Febrero, de nasdidgentes para la reforma del
mercado laboral

7 picchio y Staffolani (2013) plantean un ejercis@mnejante para estimar el efecto de los contratosativos
en el mercado laboral italiano.
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de las derivadas de segundo orden que componemtl& rhessiana. Y, por otro lado, se
describen los principales pasos seguidos parasalr#io de un algoritmo de optimizacion
necesario para estimar la funcion de verosimilgtumpuesta. El desarrollo e implementacion
del programa de estimacion ha sido desarrollad@ando el lenguaje de programacion
especifico del paquete estadistiStata Adicionalmente, como prolongaciéon de dicho
programa, se estd desarrollando un algoritmo dénigatcion para estimar modelos de
duracién en tiempo discreto similares al presentadcel Capitulo 3, con el objetivo de
construir un comando de estimacion de Stata. Dmbgrama se esta desarrollando con un

nuevo lenguaje de programacion matricial propiopdejuete estadistiGtata
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2. La introduccion de la Renta Agraria: una evalua®n del

impacto sobre la oferta de trabajo en Andalucia y Etremadura

2.1. Resumen

El objetivo de este trabajo es evaluar el efecwmlguntroduccion de la Renta Agraria, como
instrumento de proteccion por desempleo en el segrio, ha tenido sobre la oferta de
trabajo en Andalucia y Extremadura en el periodmpendido entre 2004 y 2009. Se
pretende analizar si la introduccion de esta nueedida de proteccién ha modificado el
comportamiento de la oferta de trabajo afectadaganisma, frente a los trabajadores que
siguen percibiendo el antiguo Subsidio Agrario.aRaraluar los posibles efectos provocados
por la introduccion de dicha politica, empleamosmatodologia de evaluacion causal,
estimando el efecto medio del tratamiento (consisten cobrar Renta Agraria). Nuestros
resultados indican claramente que los trabajadguescobran dicha renta tienen, tras un
episodio de cobro, una duracion media del desemmpieor, una duracion media de los
empleos encontrados en el Régimen Especial Agrarayor y una probabilidad de
reemplearse en trabajos agrarios superior, compaa@ula correspondiente a individuos que
cobran Subsidio Agrario. Sin embargo, la probaadide reemplearse en el Régimen General

es mayor para estos ultimos.

Palabras claveDesempleopropensity score matchingvaluacion de politicas; prestaciones

por desempleo.

Clasificacion JEL C31, J43, J64, J65.
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2.2. Introduccién y motivacion

El Subsidio Agrario es una prestacion por desempleotipo asistencial especial para
Andalucia y Extremadura, que nace mediante el lesiatiento deReal Decreto 3237/1983
gue sustituye al anterior sistema de Empleo Corataitjue se aplicaba en estas dos regiones
desde finales de los afios setenta. La finalidagstiesubsidio es, en su origen, proteger a los
individuos cuya principal ocupacion consiste erdizaatrabajos por cuenta ajena de caracter
eventual en el sector agricola de estas dos regjiamee situaciones de desempleo de tipo

estacional, dadas las caracteristicas propiasabeljo agricola en dichas regiones.

Actualmente, el derecho al subsidio, que se aglilcs trabajadores eventuales inscritos en el
Régimen Especial Agrario de la Seguridad SocialA8E), consiste en el cobro de una
cuantia fija de dinero, el 80% del Indicador Publie Renta de Efectos Mdltiples (IPREM),
durante un periodo de tiempo maximo que varia ség@dad del beneficiario y de si éste
tiene o no responsabilidades familiares. En lalesgan actual, para menores de 25 afios sin
responsabilidades familiares, se perciben 3,43 déasubsidio por dia trabajado, con un
maximo de 180 dias; y para menores de 25 afios espomsabilidades familiares, para
mayores de 25 afios y menores de 52 afios, la dardeiésubsidio es de 180 dias; para
mayores de 52 y menores de 60 afos, son 300 dfssaymayores de 60 afios supone 360
dias de subsidio. Para acceder a este derechobsehdber cotizado un minimo de 35

jornadas reales dentro del afio inmediatamenteiangela situacion de desempl€o.

La peculiaridad de este subsidio reside en qusegmlsu duracién fija, el exceso sobre el
minimo de las 35 jornadas reales cotizadas, neasgadra la activacion de la prestacion, no
genera un mayor derecho en dias de cobro. De ahiafjumenos a priori, el disefio de este
instrumento pueda provocar efectos desincentivadsobre la busqueda de empleo (y la
aceptacion de nuevos trabajos agricolas) en laapidl de trabajadores afectados por dicha
situacion. Estos efectos desincentivadores tanmméinian preverse sobre la duracion de los

empleos en el sector agricola, pudiendo impulsar salida anticipada del empleo como

'8 Tras el nacimiento de este instrumento de praiecpbr desempleo, el Subsidio Agrario ha sufridoasa
modificaciones a lo largo de su vida. Estas hasistido fundamentalmente en la regulacion de ltareraxima
que el solicitante del Subsidio no puede sobrepgsaando de un enfoque de exigencia de limiteedi& r
personal a la regulacién de un limite maximo d¢arele la unidad familiar. Otras modificaciones hansistido
en la reduccién del nimero minimo de jornadas ad#g para poder solicitar el Subsidio, pasandoigé €0
jornadas reales en los doce meses naturales aeteeda solicitud hasta el afio 1997 (cuando emtreigor el
Real Decreto 5/1997 a exigir 35 jornadas cotizadas desde dicho @&mbién se ha reforzado la proteccion
para los colectivos mas vulnerables, instrumentamd8ubsidio especial para mayores de 52 afiosistemts
en una duracion del mismo méas amplia, de 360 dia®lro.
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consecuencia de completar el nimero de jornad@&adas necesarias para un nuevo cobro.
Estos efectos desincentivo que el disefio de estaiimento tiene sobre la oferta de trabajo
han sido puestos de manifiesto ya con anteriorgaiagor ejemplo, Cansino (1996) o Garcia-
Pérez (2002).

Con el establecimiento de laey 45/2002, de medidas urgentes para la reformiasideema

de proteccién por desempleo y mejora de la ocujuaul| se elimina el acceso al Subsidio
Agrario para todos aquellos trabajadores que, ampliendo los requisitos exigidos para ser
perceptores del mismo, no hayan sido beneficiati@séste en alguno de los tres afios
inmediatamente anteriores a la solicitud. Esta deedupone un cambio muy importante en el
sistema de proteccion por desempleo del colectvivabajadores agricolas de las regiones de
Andalucia y Extremadura. Finalmente, y tras unanisé protesta social como respuesta a lo
dispuesto por esta ley, con la aprobacion eal Decreto 426/2003e crea un nuevo
instrumento de proteccion por desempleo para eltaragrario de Andalucia y Extremadura,
denominado Renta Agraria. Este instrumento se afitga fundamentalmente del anterior
Subsidio Agrario en que la cuantia de cobro edaimente la misma que en el Subsidio
Agrario, el 80% del IPREM para un numero de jorsadatizadas entre 35 y 64, pero que
crece en el porcentaje sobre dicho indicador halst@nzar el 107% del mismo para un
ndmero de jornadas cotizadas superior a 180, aficenterior a la solicitud.La duracién

del periodo de percepcion de la Renta Agraria yémeas requisitos exigidos para el acceso a
éste son los mismos que para el Sub<itim,excepcion de uno nuevo consistente en la
exigencia de estar empadronado durante un periogloopde al menos diez afios en el
territorio en que se aplica la Renta. Las tablak Y.2.2 muestran las principales

caracteristicas de la estructura de cobro del 8iab&grario y de la Renta Agraria.

9 Asi, por ejemplo, en el afio 2009, el IPREM ascermdb27,2 Euros por lo que el importe que supohnia e
Subsidio Agrario en ese momento era de 421,8 Burestras que la Renta Agraria podia alcanzar unimeax
de 564,1 Euros, si se trabajaron mas de 180 josrextlel afio anterior al cobro.

2 En su origen, elReal Decreto 426/200®stablecia en su articulo quinto, apartado tercgm “los
trabajadores podran obtener como maximo, por setes, el nacimiento del derecho a la renta agrarisd
obstante, esta disposicion fue posteriormente del@gor elReal Decreto 864/2006, de 14 de julio, para la
mejora del sistema de proteccion por desempleosi@dbajadores agrarios
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Tabla 2.1 Estructura de cobro del Subsidio Agrario.

Estructura de cobro del Subsidio Agrario

Edad del perceptor

Duracién de la prestacion

Menores de 25 afios sin responsabilidades 3,43 dias de subsidio por dia cotizado (Maximo

familiares
Menores de 25 afios con

responsabilidades familiares

Mayores de 25 y menores de 52 afios

Mayores de 52 y menores de 60 afios

Mayores de 60 afios

de 180 dias)

180 dias

180 dias
300 dias
360 dias

Cuantia de la prestacion

80% del IPREM *

Tabla 2.2 Estructura de cobro de la Renta Agraria.

Estructura de cobro de la Renta Agraria

Edad del perceptor

Duracién de la prestacion

Menores de 25 afios sin responsabilidades 3,43 dias de subsidio por dia cotizado (Maximo

familiares

Menores de 25 afios con
responsabilidades familiares
Mayores de 25

y menores de 52 afios

Mayores de 52 afios

de 180 dias)

180 dias

180 dias

300 dias

Numero de jornadas trabajadas

Cuantia de la prestacion
(Porcentaje sobre el IPREM *)

Desde 35 hasta 64 jornadas
Desde 65 hasta 94 jornadas
Desde 95 hasta 124 jornadas
Desde 125 hasta 154 jornadas
Desde 155 hasta 179 jornadas

Desde 180 jornadas

80%
85%
91%
96%
101%
107%

25



Por tanto, dentro del actual sistema de proteco@rndesempleo de tipo asistencial para los
trabajadores eventuales del REASS en las regiomeésndalucia y Extremadura, coexisten

dos instrumentos diferentes de proteccion que estarvigor, que son, por un lado, el

Subsidio Agrario y, por otro lado, la Renta Agrafian la tabla 2.3 podemos observar el
presupuesto medio anual dedicado al pago del Sabsiplario para el periodo comprendido

entre 2004 y 2009. También se dispone de informas@bre el nimero medio anual de
beneficiarios del Subsidio y del presupuesto meudio beneficiario. Finalmente, esta tabla
también contiene el nUmero de beneficiarios dediat&® Agraria. Como se puede observar, el
namero de beneficiarios del Subsidio Agrario haeeixpentado una importante reduccién a
partir del afio 2007, alcanzando en el afio 2009fta de 158.910 beneficiarios, lo que

supone un 9,3% menos que en el afio 2007, si bigoresupuesto medio anual por

beneficiario se ha ido incrementando, hasta cashahr los 5.138 euros por beneficiario y
afo. Por otro lado, los beneficiarios de la nueeat® Agraria han ido creciendo cada afio a
un ritmo considerable, suponiendo en el afio 200&biectivo de 37.173 beneficiarios.

Para el periodo comprendido entre 2004 y 200eslupuesto medio anual dedicado al pago
del Subsidio Agrario en las regiones de Andaluci&xyremadura asciende a unos 857
millones de euros, frente a un total dedicado ¢ase®giones a subsidios asistenciales de
desempleo de 1.923 millones de euros y un tothladjigastado en el conjunto de prestaciones
por desempleo de 5.037 millones de euros. Por,tehtzasto en la proteccién del desempleo
agrario supone en torno al 17% de este total (8%4si s6lo consideramos el gasto en
subsidios asistenciales por desempleo). Estas atfitgestran la importancia cuantitativa que
esta politica supone para el conjunto de trabagsdde estas dos regiones y ponen de
manifiesto que el analisis del comportamiento dedesempleados agrarios en Andalucia y
Extremadura es de enorme interés, sobre todo, de aanalizar las implicaciones de

introducir este nuevo instrumento de proteccion@esila Renta Agraria.
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Tabla 2.3 Principales magnitudes relacionadas con el Subgidrario y la Renta Agraria en
Andalucia y Extremadura (2004-2009).

Presupuesto medio por

Presupuesto Subsidio o o N° beneficiarios N° beneficiarios

Afio b beneficiario de Subsidio o ] )

Agrario ) Subsidio Agrario Renta Agraria

Agrario

2004 884.354.000 4.483 197.251 9.780
2005 888.127.000 4.647 191.106 15.184
2006 878.081.000 4.746 184.999 19.932
2007 848.960.000 4.846 175.190 26.594
2008 826.558.000 4,971 166.266 31.478
2009 816.492.000 5.138 158.910 37.173

Fuente: Servicio Publico de Empleo Estatal y Matistde Trabajo e Inmigracion
% En los datos sobre el presupuesto dedicado algelddubsidio Agrario no se incluye el importe paee de

la Renta Agraria, ya que en las estadisticas deESkcha partida se encuentra incluida en el cémmtal de
los subsidios asistenciales de desempleo, por ¢ mupodemos extraer la valoracion exclusiva pata e

prestacion.

b Cifras de presupuesto y gasto medio expresadasres eorrientes.

El objetivo de este trabajo es evaluar el efecte lquintroduccion de la Renta Agraria ha
tenido sobre la oferta de trabajo en Andaluciatydaxadura en el periodo comprendido entre
2004 y 2009. Nuestro objetivo se centra en propogsi evidencia, si la hay, sobre los
posibles efectos incentivadores que la Renta Amraalya podido tener sobre la oferta de

trabajo, frente a los existentes para los que sigoeediendo al Subsidio Agrario.

El trabajo comienza con la descripcion de la basdalos utilizada (la Muestra Continua de
Vidas Laborales), se explican los criterios utiiaa para definir la muestra sobre la que
trabajar, aportando una explicacion de las vargljge son mas relevantes para nuestro
andlisis. En la seccion correspondiente al anafisiscriptivo, estudiamos las diferencias
observadas entre los individuos de la muestra recidn del tipo de prestacion a la que estos
acceden (Subsidio Agrario o Renta Agraria). Pardacano de los grupos definidos

previamente, calculamos las duraciones medias eswdd los periodos de cobro, de las
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experiencias de empleo en el régimen agrario yodeélas que se producen en el régimen

general.

Tras el analisis descriptivo, pasamos a realizaandlisis econométrico donde confirmar
nuestras principales hipoétesis. Aplicando la mdtmgia de evaluacidén causal, estimamos la
“propension a ser tratado por Renta Agrar@opensity scoreen base a las caracteristicas
observables contenidas en nuestra muestra y, fmaém estimamos el efecto medio del
tratamiento (percibir Renta Agraria) sobre losattats, evaluado sobre una serie de variables
de interés (butcomes”)que son: (i) duracion del periodo de desemplep uraepisodio de
cobro; (ii) duracion de la experiencia de empleceEREASS (para los individuos que se
reemplean en el REASS tras el cobro); (iii) probhdé#d de reemplearse en el REASS tras un
episodio de cobro; (iv) probabilidad de reempleanseel Régimen General tras un episodio
de cobro. Nuestros principales resultados indica@ lgs trabajadores beneficiarios de la
Renta Agraria, frente a los que reciben el Subg\djario, tienen experiencias de desempleo
mas cortas, estdn un mayor numero de dias emplesdtrabajos cotizando al REASS, vy
acceden a estos empleos con una mayor probabildla@mbargo, observamos evidencia de
qgue para los empleos encontrados en el Régimenr&@dres el cobro, estas probabilidades

se reducen respecto a los beneficiarios del SubAgiario.

2.3. Base de datos

2.3.1. Descripcién de la base de datos: La Muest@ontinua de Vidas Laborales
(MCVL)

La Muestra Continua de Vidas Laborales (en adelsi@¥L) es una base de datos elaborada
a partir de registros administrativos de la Se@ari8ocial y de informacion procedente del
Padrén Municipal Continuo, que contiene una muedeatoria de un 4% de la poblacion de
referencia, que esta compuesta por todos los que afio determinadbtenian una relacién

de cotizacién con la Seguridad Social, bien poaresabajando, bien por estar percibiendo

una prestacion por desempleo o bien por estarljpencio una pension de jubilacion. De este

2l Existen hasta ahora seis extracciones anuales BECVL, correspondientes a los afios 2004 a 2009|gpo
cual la informacion de las historias laboralesateihdividuos contenidos en la MCVL se va actualiftacada
afio, de ahi que se denomine Muestra “Continua”.ofdos utilizaremos la extraccion del afio 2009,
complementéandola con las observaciones de indisidodncluidos en ésta pero si en las cuatro anési
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4% se cuenta con las vidas laborales completadéraninios de todos los episodios de empleo
y cobro de prestaciones de dichos individuos.

Las variables que contiene la MCVL se dividen enetlgs referentes a la situacién personal
del individuo, que son, entre otras: afilo de nacitojesexo, nacionalidad, provincia de
nacimiento, provincia de primera afiliacion, doraipais de nacimiento y nivel educativo.
Las variables referentes a la situacion laboralrdliduo se pueden dividir a su vez en las
relativas al propio trabajador y en las relativasuaempleador. Las variables relativas a la
situacion laboral del trabajador son: régimen d8dguridad Social en el que se encuentre el
individuo cotizando en cada momento, tipo de comtreoeficiente de tiempo parcial, fecha
de alta y baja de cada relacién con la SeguridadaS¢un empleo, una prestacion por
desempleo o una pension de jubilacion), causa bajéa tipo de relacion laboral (si esta en
situacion de alta trabajando o si estd cobrando pwastacion). La informacion sobre el
empleador consiste, basicamente, en el sector etom@&n el que opera, domicilio social,

tamanfo y antigliedad de la empresa.

En relacion al objeto de estudio de este trabajosistente en el andlisis de duraciones de
empleo y desempleo, la MCVL proporciona informacitetallada y cambiante en el tiempo
para cada individuo. Esto supone una ventaja frantes datos procedentes de fuentes
distintas, como por ejemplo los de la Encuesta dklaéion Activa, que consisten en
observaciones trimestrales sobre las variablesntgés, lo cual impide una percepcion
completa sobre los determinantes de las duraciex&stas de cada experiencia laboral que
tiene el trabajador a lo largo de su historial. dablacion objeto de nuestro andlisis esta
compuesta por todos aquellos individuos que habajado alguna vez en el Régimen
Especial Agrario de la Seguridad Social (REASS) las regiones de Andalucia y
Extremadura, en algin momento del periodo compidengintre el afio 1990 y hasta la fecha
de la ultima experiencia laboral disponible pardacendividuo en la MCVL-2009. Una vez
seleccionados estos individuos, analizamos sugdrayas laborales en el periodo 2004-
2009, obteniendo todos los regimenes en los quéralbajado dichos individuos, el nimero
de episodios de cobro de Subsidio y Renta Agrgriadas las caracteristicas observables en
base a las variables de que disponemos en la rauestr
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2.3.2. Seleccién de la poblacion objeto de estudio

La muestra de individuos sobre la cual llevamosaloceste trabajo esta compuesta por
individuos que han tenido alguna relacién labonalas regiones de Andalucia y Extremadura
(ya sea trabajando o cobrando una prestacion EEng#eo) entre los afios 2004 y 2009.
Dentro de este colectivo, nos centramos en losjadbres cuyo grupo de cotizacion es el
correspondiente a “peones y asimilados”, dentria dtasificacion establecida por el Instituto
Nacional de la Seguridad SocfalA nivel muestral, este colectivo representa ef@8de la
poblacion seleccionada, por tanto, la exclusidtad@bservaciones correspondientes al resto
de grupos de cotizacién no supone, a nivel estealistna pérdida importante de informacion

gue pueda generar un sesgo de seleccion en nuéstoss

Las variables fundamentales de este estudio sduarécion de los sucesos de empleo y la de
los sucesos de desempleo de cada individuo. Pamrsiruccion hemos procedido a la
ordenacion de las relaciones laborales que cadednd tiene con la Seguridad Social en
funcidn de las fechas de alta y baja de cada amdrtenistrativo. A partir de la diferencia
entre las fechas de alta y baja de cada apuntylaalos la duracion de cada uno de los
periodos de empleo y desempleo por los que pasaligiduo a lo largo de su trayectoria
laboral, obteniendo asi las dos duraciones prifespgue necesitamos para nuestro estudio.

Ademas hemos tenido que aplicar una serie dedfifieza obtener la poblacién final sujeto de

estudio. Dichos filtros han consistido en:

1) Una vez calculadas las variables de duraciéalizeenos un ajuste sobre las
observaciones que tienen experiencias de desemgheduraciones negativas. Esto se debe a
la existencia en nuestra muestra de sucesos deemsyberpuestos a lo largo de un mismo
episodio de cobro, es decir, apuntes corresporadiestuna relacion laboral posterior que
tiene una fecha de alta anterior en el tiempo deltha de baja de la experiencia
inmediatamente anterior (en nuestro caso, el sudesgobrof® El ajuste realizado ha
consistido en identificar los episodios de emplapespuestos que se dan a lo largo del

periodo de tiempo correspondiente a cada expeaiateicobro, diferenciandolos asi de los

22 E| grupo de cotizacién hace referencia a la categoofesional del trabajador reconocida por gbleador y

de obligada comunicacion a la Seguridad Social gadajue se da de alta a un trabajador. La razotapwal

se ha seleccionado a este grupo de individuos mstpaer una muestra de trabajadores lo mas horeagén
posible, dentro del grupo de trabajadores evergupfg cuenta ajena pertenecientes al Régimen EB$peci
Agrario de la Seguridad Social (REASS).

% Una explicacién detallada sobre este tipo de @sulaiborales, asi como de los filtros y demasiatatos
necesarios para el andlisis de trayectorias lab®@n la informacion contenida en la MCVL se entiaeen
Garcia-Pérez (2008).
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episodios de empleo observados tras la finalizad&mna experiencia de cobro. De este
modo, la variable de duracién de los sucesos deng#ed* se calcula como la diferencia
entre la fecha de baja del episodio de cobro gdhd de alta del apunte laboral posterior a la
finalizacion de dicho cobro. Finalmente, la duracébectiva de los episodios de cobro sera el
resultado de descontar a éstos la duracion de todapisodios de empleo superpuestos que
el trabajador haya tenido a lo largo de cada egpeia de cobro.

2) Eliminamos de la muestra a los individuos coaded superiores a 52 afios. El motivo
de la exclusion de estos individuos procede depiprdisefio del Subsidio Agrario, ya que
éste establece que la duracion de dicha prestpai@los mayores de 52 afios sea de 300 dias
de subsidio (y dicho periodo se amplia hasta |@sd3és para los perceptores mayores de 60
afnos), ademas, para este grupo de trabajadoregémeia del nUmero de jornadas necesarias
para acceder a un nuevo cobro se reduce a pdrésidblecimiento del subsidio especial para
mayores de 52 afios, y de manera similar, la Regtaria también tiene en cuenta este
tratamiento especial para los trabajadores maydeeS2 afios. De manera que, dada esta
particularidad en el disefio de este instrumento pdeteccion por desempleo, el
comportamiento de la oferta de trabajo de esteogdgptrabajadores de mayor edad podria
diferir bastante en relacion al resto de individdesla muestra, actuando la percepcion del
subsidio mas bien como un complemento de rentascogo® una prestacion que respalda
econdémicamente la busqueda de un nuevo empleomearehdo de trabajo agrario. Ademas,
dado que la Renta Agraria es un instrumento denmticreacion, el perfil de individuos que
acceden a ésta se caracteriza, entre otras cosestemer edades mas reducidas, en
comparacion con los beneficiarios del Subsidio Agrd&n consecuencia, la inclusion de este
grupo de perceptores de edades mas avanzadas énagob2 afos) podria introducir sesgos

en nuestras estimaciones.

3) Teniendo en cuenta que tanto el Subsidio comBdata Agraria sélo se pueden
percibir una vez al afio y que el derecho a petogose extingue transcurrido dicho periodo,
hemos realizado una serie de filtros adicionalas pasumir los historiales laborales, de
manera que en cada historial Unicamente tengamasggistro por cada afio en el cual el
individuo se ha beneficiado de la prestacion. Asija registro contiene la suma de las

duraciones de todas las experiencias de emplearplado, y de desempleo por otro lado, y

4 Dada la definicién de los episodios laborales iaadbs en este trabajo, los sucesos de desemptem ha
referencia a los periodos en los cuales el indovido esta ni trabajando ni en situacion de desenmqibierto
por el cobro de la prestacién correspondiente. IBocual, técnicamente dichos episodios laboralesma
referencia a sucesos de no empleo.
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una variable que nos indica si el individuo se ng@lemtras la finalizacion del cobro. Asi, para
cada individuo tendremos como maximo seis registnog corresponden a los afios del
periodo analizado 2004-2009, y cada uno de estpstn@s contiene toda la informacion
acumulada sobre los dias que ha cobrado, ha tdabgga cada uno de los regimenes, agrario
y general) o ha estado en desempleo sin derechabra.cPor tanto, la informacién que
analizamos en este trabajo se refiere a duracideesmpleo y desempleo que el individuo

tiene en total en cada uno de los seis afos ada$iza

En definitiva, tras estas restricciones obtenenmmas muestra compuesta por las trayectorias
laborales a partir de 2004 de individuos mayoresl@ley menores de 52 afios que han
trabajado en el Régimen Especial Agrario (REASS8)cpbrado prestaciones por desempleo
en las regiones de Andalucia y Extremadura, trabajalentro de la categoria profesional

correspondiente al grupo de cotizacion de “peoreesimilados”.

Tabla 2.4 Distribucion de la muestra de trabajadores, segwn, edad y nivel de estudios.

Andalucia Extremadura
Subsidio Agrario  Renta Agraria]  Subsidio Agrario  Renta Agraria
Experiencias en REASS
252,42 236,84 257,22 225,06
(dias/afo)
Experiencias en Régimen
11,44 21,98 18,88 27,65
General (dias/afo)
Hombres 33,12 % 59,61 9 51,70 % 70,42 %
Mujeres 66,88 % 40,39 % 48,30 % 29,58 %
Menores de 25 afios 5,54 % 16,67 % 6,10 % 18,31 %
Entre 25 y 34 afos 18,79 % 34,44 % 18,18 % 22,36 %
Entre 35 y 44 afnos 27,92 % 27,29 % 27,90 % 27,46 %
Entre 45 y 51 afios 17,65 % 12,68 % 18,60 % 20,60 %
Mas de 52 afios 30,10 % 8,92 % 29,22 % 11,27 %
Educ. Baja 70,32 % 66,64 % 72,14 % 64,05 %
Educ. Media 29,36 % 32,21 % 27,63 % 33,03 %
Educ. Alta 0,33 % 1,15 % 0,23 % 2,92 %
Total observaciones 61.257 4.013 9.212 568

En la tabla 2.4 tenemos para el periodo 2004-2@080blacion de trabajadores de las
regiones de Andalucia y Extremadura, segun seaefibiamios del Subsidio Agrario o de
Renta Agraria, distribuidos por sexo, edad y nidel estudios. Podemos observar que la
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presencia de mujeres en el colectivo de trabajadagrarios es muy elevada, siendo
mayoritaria en los beneficiarios del Subsidio Agran Andalucia (66,88%), mientras que la
presencia de éstas en el grupo de beneficiaridRetia Agraria es mas reducida, tanto en
Andalucia (40,39%) como sobre todo en Extremad2®z68%). Por otro lado, la presencia
de trabajadores de menor edad es mas elevada dehtolectivo de Renta Agraria. Asi por
ejemplo, para Andalucia vemos que el 51,11% dédoeficiarios de Renta tiene menos de
34 afos, mientras que este mismo porcentaje parhdoeficiarios del Subsidio se reduce
hasta el 24,33%. Ante esto, podemos pensar quegbpmecanismo de implantacion de la
Renta Agraria explicado anteriormente, unido ateso gradual de desaparicion del Subsidio
Agrario, es el que esta provocando que los trabegadagrarios que acceden por primera vez
a este sistema de proteccion por desempleo (qae &#s jovenes) lo haran a través de la
Renta Agraria, y en consecuencia cada vez serarrfeepmoporcion de jovenes dentro de los

beneficiarios del Subsidio Agrario.

2.3.3. Estructura de percepcion del Subsidio Agran y de la Renta Agraria

Como se explico antes, cuando un trabajador evedelaREASS genera el derecho a
percibir Subsidio Agrario o Renta Agraria, recild@ante un periodo de tiempo determinado
(hasta 180 6 300 dias, dependiendo basicamenteatad y circunstancias del beneficiario)
y por meses vencidos la cuantia correspondien8f%ldel IPREM para el caso del Subsidio
Agrario y un porcentaje comprendido entre el 80% $07% del IPREM para el caso de la
Renta Agraria. Ahora bien, esto no significa queesariamente este trabajador deba estar sin
trabajar durante los meses que dure el cobro. Dieohéa normativa del Subsidio Agrario y
de la Renta Agraria tiene en cuenta expresametdecesunstancia y, como tal, lo regulan.
Dicha regulacion consiste en que, dentro de lat@amensual del Subsidio o de la Renta, al
trabajador se le descuenta de la mensualidad etmaide dias que, a lo largo del mes en que
se devenga dicho pago, haya estado trabajandqusiello implique disminucion en el total
de dias de derecho de cobro. Sin embargo, ambamsdtanto la del Subsidio como la de la
Renta Agraria) imponen la condicion de percibiclantia total de la prestacion en el plazo
maximo de un afio natural, de modo que si no sebeeren dicho plazo, el trabajador
perdera el numero de dias de subsidio que no hergibjulo efectivamente por haber estado
trabajando en dicho periodo. Esto implica un cpata el individuo que decida trabajar mas

de 180 dias a lo largo de un afo, ya que en esededera renunciar a dias de cobro de la
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prestacion. Ademas de esta condicidén, existe unaacde extincion de la prestacion que
podria tener importantes implicaciones para nuestébisis de la oferta de trabajo. Esto es, la
prestacion quedara extinguida (Art. 9 del Real Bwcr5/1997) para los individuos que

realicen un trabajo de duracion igual o superib2 aneses en un régimen distinto del agrario,
perdiendo por tanto el importe total del subsi®or tanto, parece que el disefio de la norma
puede estar impidiendo que los individuos trabajrs de lo que lo harian en ausencia de
estos requisitos legales, pudiendo crear desinteEnt la busqueda de empleo, tanto dentro
del propio régimen agrario, como sobre todo, dnikgueda de empleo fuera del mercado de

trabajo agrario.

En nuestra muestra llamaremos a los dias trabajp®mse encuadran dentro de un derecho
de cobro de Subsidio o de Renta "Empleos Intratolitara el caso de perceptores de
Subsidio Agrario, estos empleos intracobro se puédeer en tareas agricolas, cotizando por
dichas jornadas trabajadas al REASS, o bien exsstposibilidad de realizar trabajos
cotizando al Régimen General de la Seguridad Sdesabs Ultimos consisten en empleos de
corta duraci6fr en actividades vinculadas a la construccién yattenimiento de edificios y
obras, en los que el empleador es siempre un Ayuemdo. Estos empleos son los
correspondientes a los trabajos enmarcados ennelcic® como Plan de Empleo Rural
(PER), actualmente denominado Acuerdo para el Eompléa Proteccion Social Agrarios
(AEPSA). Sin embargo, para los perceptores de RAgparia, y a diferencia de los
beneficiarios del Subsidio Agrario, la normativapide que estos puedan computar las
jornadas trabajadas en este tipo de empleos gamazak el nimero minimo de dias cotizados
necesarios para solicitar un nuevo derecho al cderka prestacion (Renta Agrarfd)Esto
supone una restriccion importante para los bergitd de la Renta Agraria, ya que al no
poder computar los dias cotizados en el Régimere@kene cara a solicitar de nuevo la

prestacion, estos trabajadores tenderan a segpleados en tareas agricolas.

Una vez que el trabajador agota el periodo de pei@e del Subsidio o de la Renta,

dependiendo del niumero de jornadas que haya cotiegadel periodo de cobro (empleos

%5 La normativa que contempla la contratacion pamidt de los trabajadores eventuales agrarios dedgsnes
de Andalucia y Extremadura para este tipo de empdsta contenida en el Real Decreto 939/1997, al cu
establece en su articulo 13 que “(...) la duraciétodecontratos sea, orientativamente, de quince mhaa los
trabajadores no cualificados y de un mes parauakficados”.

% E| derecho de los beneficiarios del Subsidio Aigrarcomputar las jornadas cotizadas al Régimere@ean
los empleos del AEPSA para solicitar un nuevo cpbeoencuentra regulado en las disposiciones tiogiasi
primera y segunda del Real Decreto 5/1997, lasesusd han ido prorrogando periédicamente. Porretario,
estas disposiciones no son de aplicacion paraabsjadores que accedan a solicitar la Renta Agraeigin
establece la normativa reguladora de esta Ultimstgcion (Real Decreto 426/2003).

34



intracobro), tendra mas 0 menos incentivos parardgrar un nuevo empleo, generalmente en
el REASS o en empleos en el Régimen General, asd @guellos enmarcados en el ambito
del PER (estos ultimos solo para el caso de beaedis de Subsidio Agrario), para asi volver
a cotizar el nimero minimo de jornadas que se eeguipara solicitar un nuevo derecho al
cobro de Subsidio o de Renta al afio siguientet#sgsrnadas trabajadas que median entre la
finalizacién de un episodio de cobro y una nueMiited de Subsidio o de Renta, se les

denominan en este trabajo "Empleos Intercobro”.

Un aspecto diferencial importante entre los "emplietracobro” y los "empleos intercobro™
es que, estos Ultimos consisten en jornadas tddmjan las cuales el individuo no esta
"cubierto” por el pago del Subsidio o la Renta.ggncipio, podria pensarse en la existencia
de incentivos diferentes para un mismo individugpeeto a su oferta de trabajo en ambos
tipos de empleo dependiendo de si esta o no "pdategor el subsidio. Por ello, en este

trabajo evaluamos Unicamente la duracion de lodemmpntercobro.

2.4. Analisis descriptivo: Analisis de duracionemedias anuales

Para el andlisis descriptivo de nuestra muestraolamgrupado las observaciones de la misma
en funcién del sexo, la edad y el tipo de prestac8ubsidio Agrario o Renta Agraria. De
acuerdo con la definicion de la politica a analidaidimos la muestra en dos grupos de

trabajadores para cada sexo: menores de 25 adleentre 25 y 51 afios.

En la tabla 2.5 mostramos como reparten los indosdsu oferta de trabajo entre empleos
agricolas y empleos en el Régimen General, y elendimmedio de dias que perciben el

Subsidio o la Renta Agraria. Observando el totaladeuestra, a modo de tener una idea
general sobre la estructura de la oferta laborbtrdbajador medio, vemos claramente que
son los beneficiarios del Subsidio quienes pernamenas tiempo desempleados, ya sea
cubiertos por la prestacién (158,86 dias/afio lasgmtores del Subsidio, frente a 90,09

dias/afio los de Renta Agraria), 0 en situacibnasempleo sin cobertura de cobro (119,67
dias/afo los beneficiarios del Subsidio, frent®®&,25 dias/afio los de Renta). Esto se refleja
en gue son los perceptores de la Renta Agrariangsiipermanecen mas tiempo trabajando,
fundamentalmente en el REASS, ya que estos coéizdicho régimen una media anual de

145,57 dias, frente a los 70,35 dias/afio en ghaden los perceptores del Subsidio. Por otro

lado, atendiendo a las diferencias por edad y sexx@sta tabla se aprecia en general como
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son los individuos mas jovenes, y dentro de estpsatalmente las mujeres, los que tienden a
percibir un menor nimero de dias de prestacioyn@ando a estos a cambio de estar un
mayor numero de dias trabajando, fundamentalmengt gector agrario. Asi por ejemplo, en
la tabla 2.5 podemos ver que las menores de 25tedimagaron en el periodo 2004-2009 una
media de 80,23 dias en el régimen agrario, frefde rabajadoras de entre 25 y 51 afios, con
una duracion media de solo 56,54 dias.

Ademas de la diferencia por edad, si analizamestiaictura de oferta de trabajo por sexos,
vemos que existen diferencias muy importantes. Bte enodo, resulta muy llamativo
observar que, incluso entre los menores de 25 d@®$1ombres (100 dias) trabajan en el
régimen agrario casi 21 dias mas que las mujegedifg). Estos datos parecen mostrar que
los posibles efectos desincentivadores de la oflertimabajo que podria estar introduciendo el

actual disefio del Subsidio Agrario se intensifiadn mas en el grupo de mujeres.

Al analizar el numero de dias que cobran y trab#&janbeneficiarios de Renta Agraria,
apreciamos que en todos los grupos de edad lospteres de esta prestacion trabajan, en
media, un mayor numero de dias en el régimen agyag lo que trabajan los perceptores del
Subsidio. De hecho, se observan unas diferencig®rtantes ya que, por ejemplo en
Andalucia, para los hombres menores de 25 afiogulperciben la Renta Agraria trabajan

una media de 150 dias al afio frente a los 100deéiséss beneficiarios del Subsidio.
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Tabla 2.5Estructura de la oferta de trabajo anual. Andalyd&tatremadura 2004-2009.

Subsidio Agrario Renta Agraria
Dur. Media
Cobro REASS Reg.General Desempleo NC©observ. | Cobro REASS Reg.General Desempleo NP© observ.
(en dias)
Total Muestra 158,86 70,35 16,11 119,67 49.336 | 90,09 145,57 23,07 106,25 4.159
Hombres 146,58 94,97 21,29 102,15 16.721 | 91,04 145,95 27,04 100,06 2.505
Menores 25 anos
2004 134,67 82,50 37,05 110,78 412 | 63,00 154,53 3,87 143,60 15
2005 118,45 91,39 32,10 123,07 314 | 59,79 152,66 31,17 121,38 47
2006 115,02 99,33 38,73 111,92 250 | 73,02 140,26 40,58 111,15 66
2007 111,63 103,89 20,48 120,00 222 77,31 138,37 49,94 99,38 78
2008 112,82 110,26 20,61 121,31 196 | 85,58 157,75 36,41 85,26 124
2009 108,44 119,89 14,68 121,99 264 | 90,67 158,80 20,55 94,98 123
Media 2004-2009 116,84 101,21 28,77 118,18 276 | 74,89 150,40 30,42 109,29 76
Entre 25 y 51 afios
2004 159,13 75,62 21,19 109,06 3.164 | 87,86 106,99 21,59 148,56 86
2005 144,50 85,82 23,16 111,53 2.847 | 80,87 136,68 27,32 120,14 165
2006 150,62 92,01 22,09 99,38 2.594 85,17 138,95 38,71 102,17 241
2007 145,08 104,24 21,70 93,09 2.324 | 90,70 138,55 35,45 100,30 362
2008 145,80 110,09 15,96 93,15 2.160 | 97,45 148,52 24,72 94,30 522
2009 149,10 112,38 14,70 88,82 1.974 | 101,80 153,93 16,53 92,73 676
Media 2004-2009 149,19 96,69 19,95 99,17 2.511 | 90,64 137,27 27,39 109,70 342
Mujeres 165,15 57,73 13,46 128,65 32.615 | 87,290 145,00 17,06 115,64 1.654
Menores 25 anos
2004 151,92 64,55 17,07 131,46 493 | 52,93 149,07 12,29 150,71 14
2005 139,36 72,63 17,96 135,05 462 | 70,33 177,31 34,33 83,03 36
2006 132,09 81,50 21,67 129,74 393 | 65,44 149,46 23,19 126,90 52
2007 130,91 89,69 16,08 128,33 344 | 85,59 143,87 30,64 104,89 76
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2009

Entre 25 y 51 afios

2005

2007

2009

128,00

161,26

166,37

170,54

86,87

48,97

62,31

66,80

13,93

12,17

13,92

15,09

136,21

142,60

122,39

112,57

295

5.252

5.036

4.599

85,68

84,71

87,27

90,96

124,94

128,68

150,10

148,71

14,82

18,85

14,17

14,56

139,57

132,76

113,46

110,78

65

95

257

467
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A la vista de los datos observados, parece queattaduccion de incentivos a la
busqueda de empleo derivada del disefio de la Regraria podria estar teniendo
efectos sobre la oferta de trabajo de la poblaaféstada por esta nueva medida, en
comparacion con la regulacion previa existente egibargo, la regulacion del Subsidio
Agrario podria estar provocando que los individgae acceden al mismo planifiquen
su oferta de trabajo teniendo en cuenta la estauctel proteccion de este instrumento
en términos de dias de Subsidio cubiertos a phetirn minimo de jornadas trabajadas.
De modo que estos trabajadores podrian estar daliartificialmente” del empleo
cuando tengan el nimero minimo de jornadas cotzaeleesarias para activar de nuevo
el derecho a percibir el Subsidio Agrario. Este portamiento podria haberse mitigado
en parte con el disefio alternativo de la Renta ayr&in embargo, aun no podemos
concluir que las diferencias observadas en la teblalescriptivos procedan de los
incentivos existentes en el disefio de la RentarkgrRara ello llevaremos a cabo un
analisis de evaluacion, para cuantificar el posdfkrto causal que dicha medida ha
podido tener en la oferta de trabajo de los indigglanalizados en nuestra muestra y en
el periodo concreto 2004-2009.

2.5. Analisis econométrico

2.5.1. La metodologia de evaluacion causal

Tras el andlisis descriptivo, pretendemos ahordirooer si los resultados hasta ahora
obtenidos son debidos al diferente disefio del Sithgi la Renta Agraria o si por el
contrario son debidos a otras causas alternaffars. ello, adoptaremos en esta seccion
el enfoque y la metodologia propia de la literateaevaluacion causal para estimar el
efecto medio del tratamiento que en nuestro estadmone percibir Renta Agraria
medido en comparacion al comportamiento del grugoamtrol definido como aquellos
trabajadores agrarios que reciben Subsidio y ndaRa&graria. El objetivo por tanto
sera estudiar el efecto causal sobre una serieesldtados que definimos como
variables de interés para el andlisis del impacte ¢ establecimiento de la Renta

Agraria ha tenido sobre la oferta laboral en et@eg&grario andaluz y extremefio en el
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periodo 2004-200%. Por tanto, definimos un “grupo de tratamiento’tnfado por los
trabajadores eventuales del REASS que han tenidexperiencia de cobro de Renta
Agraria en el periodo 2004-2009, frente a un “graigocontrol”?® formado por los
trabajadores del REASS que han tenido episodiasodeo de Subsidio Agrario en el

mismo periodo de tiempS.

El pilar fundamental sobre el cual se apoya todddeatura de evaluacion causal es el
supuesto de considerar la participacion de losviddos en el tratamiento estudiado
como un evento aleatorio o, al menos, independidetdas caracteristicas de los
individuos tratados y no tratadsEsta hipétesis principal de partida la podemos
fundamentar en el ambito de nuestro trabajo ee@idde que, segun las disposiciones
contenidas en dReal Decreto 426/2003ps individuos que cobran Renta Agraria no
pueden acceder a la percepciéon del Subsidio Agmsimplemente porque no han
accedido a este en los tres afios anteriores ytpolado, los individuos que en alguno
de los tres afos anteriores hayan sido benefisiaté Subsidio, Gnicamente podran
acceder a la percepcion del Subsidio Agrario cuagelmeren un nuevo derecho de
cobro. En consecuencia, con este mecanismo desidalal nuevo instrumento de
proteccion por desempleo, no se podran produavasses de trabajadores desde un tipo
de prestacion hacia otro, al menos durante un glazitempo que variara entre uno y
tres afios. Teniendo en cuenta este Ultimo aspecaeynuestro trabajo cubre un
periodo de andlisis relativamente corto en relac@mdicho aspecto (desde 2004 hasta
2009), los posibles trasvases de beneficiarios edesd instrumento a otro serian

2" Existe en la actualidad a nivel nacional abundéit¢eatura que emplea este tipo de técnicas para
analizar el impacto de una determinada politic@rabsobre el mercado de trabajo (ver por ejemplo
Arellano (2010), Mato y Cueto (2008), y Cueto y M&2009)). En nuestro trabajo, a diferencia de los
anteriores que evallan una politica laboral actotasos formativos), analizamos el impacto que ha
tenido una politica laboral pasiva (la percepciénuda prestacién por desempleo).

% Hemos realizado el experimento contrario, consitgo a los perceptores del Subsidio Agrario como
el grupo de tratamiento y a los de Renta Agrariraacgrupo de control. En todos los grupos y vargble
analizadas, todas las estimaciones obtenidas ranestomo es de esperar, el signo contrario a las
estimaciones del experimento original. Ademasgfestos encontrados en esta especificacion alteanat
son similares, en valor absoluto, a los mostradds siguiente seccion y estan disponibles palectdr
interesado.

29 En este trabajo no tenemos un grupo de contraemtido estricto, definido como un conjunto de
individuos que no reciben el tratamiento, sino goeealidad, el colectivo de trabajadores quezatitios
como grupo de control estan recibiendo un tratamieiferente (Subsidio Agrario) frente al grupo de
tratamiento (aquellos que perciben la Renta Agramigro efecto causal queremos medir. Este hecho
refuerza la semejanza entre ambas poblacionesiadtisd ya que ambos tipos de trabajadores perciben
una prestacion por desempleo con las mismas cesdici®s, a excepcion del incentivo monetario
adicional que introduce la nueva Renta Agrariayyos efectos son los que queremos analizar.

% para ver un desarrollo extenso de la teoria ecémma subyacente en la metodologia de evaluacién
causal, ver por ejemplo Myoung-Jae Lee (2005).
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minimos y, por tanto, el consecuente riesgo queaigasliponer la introduccion de
sesgos de seleccién en nuestra muestra por esieommiedaria minimizadd. Sin
embargo, también podriamos pensar que la seleaidratamiento podria no ser
independiente de las caracteristicas de los ingbgdratados y no tratados. Por ello,
trataremos, en base a las caracteristicas obsesvajple controlamos en nuestra
muestra, de emparejar a individuos semejantes €ra, £dad, nivel de estudios y
duracién del episodio de cobro) que perciben Sibsdrario (nuestro “grupo de

control”) con aquellos que perciben Renta Agramizegtro “grupo de tratamientd.

Para calcular en la préactica el efecto medio dghmtniento sobre los tratados con los
datos disponibles, una de las técnicas disponibbes utilizadas consiste en realizar un
matching (0 emparejamiento) entre los individuos del gruge tratamiento y los
individuos del grupo de control en base a un ved®rcaracteristicas (variables
explicativas) por el cual estamos condicionands Resenbaum y Rubin, 1983). Sin
embargo, cuando disponemos de un vector de cdsdic®s individuales con un
namero elevado de regresores, caemos en el prolpeactico de no disponer de
observaciones de individuos tratados y no tratagestengan exactamente los mismos
valores para cada una de las variables explicatprablema de “dimensionalidad”, ver
Rosenbaum y Rubin, 1984). Es decir, no tenemosiorero positivo de observaciones

en cada una de las casillas en que dividimos |straupara realizar el emparejamiento.

Para evitar este problema usaremos la metodol@gy&stimacion de la “propension al
tratamiento” o propensity score El propensity scorese define como la probabilidad
de ser tratado en funcion de las caracteristicdisittuales incluidas en el vector de

31 Con esta regla de seleccién/exclusién al tratamjgrensamos que se consigue minimizar también el
riesgo de que exista autoseleccién al tratamiemtoase a caracteristicas inobservables (supuesitmba
para implementar las técnicas dwtching o emparejamiento para evaluar el efecto medio me u
tratamiento). Ademas, todas las variables incluidaslas especificaciones de lpsopensity score
estimados cumplen los “test de balanceo”, por l@des se garantiza a nivel estadistico la seme@daza
las distribuciones de caracteristicas observaldesnbas poblaciones, tratados y no tratados.

% En Heckmanet al. (1998) se detallan tres factores deseables enndlisia de evaluacion que
contribuyen a reducir el sesgo de seleccion. Emqarlugar, disponer de informacién acerca del hiadto
laboral previo de los individuos. En segundo lugpare toda la informacion disponible proceda de la
misma fuente de informacion. En tercer lugar, quéas poblaciones estudiadas (tratados y no trgtados
actlen en el mismo ambito geografico. Respects dda primeras condiciones, disponemos de este tipo
de informacion debido a la propia naturaleza destnaebase de datos, consistente en registros
administrativos que conforman los historiales labes de los individuos de la muestra. Respecto a la
tercera condicién, en nuestro trabajo la delimiacterritorial esta perfectamente definida por la
normativa (las regiones de Andalucia y Extremaduyagonforma un mercado laboral comin para
tratados y no tratados.
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regresored> De manera que, empleando esta metodologia podsustisuir todo el
vector de regresores por un solo numero, el vadtmado de la probabilidad de ser
tratado, esto es, giropensity scorepredicho. A partir de aqui, ehatching entre
individuos tratados y no tratados para calcul&fetto medio del tratamiento se hara en

funcién de dicho valor estimado.

Nuestro objetivo serd, por tanto, estimar el efeoedio del tratamiento sobre los

tratados en relacidon a nuestra variable de intagigiante la siguiente expresion:
r=E(Y,|D=1X)-E(,|D=1X) 1)
Las variables sobre las cuales medimos el efec¢tvadamiento son:
Y 1: Valor de la variable de interés para los indiaslael grupo de tratamiento.
Y. Valor de la variable de interés para los indiaslalel grupo de control.

Y “D” es una variable binaria que indica si el miduo ha sido o no tratado,

concretamente:

_ |1 sihahabidotratamienb )
0 en caso contrario

Para poder estimar este efecto, no obstante, tendrque hacer el siguiente supuesto

sobre lo que habria ocurrido a los tratados caswd®ber recibido el tratamiento:
E(Y,|D=1X)=E(,|D=0,X) (3)

Esta expresion indica que podemos “identificaréfdcto medio sobre los tratados en
caso de que estos no hubiesen recibido el tratémn{este efecto no es observable),

E(Y,|D =1 X), con el valor medio de la variable de interés pasaindividuos que
integran nuestro grupo de contrd(Y,|D =0, X . Por tanto, el efecto medio del

tratamiento sobre los tratados lo calculamos mégliansiguiente expresion:

% El modelo por el cual se calculan los valoresptepensity scorgara cada individuo de la muestra
consiste fundamentalmente en la estimacién de udelmode eleccion binaria donde la variable
dependiente es una variable discreta que toma lon igmal a “1” si el individuo ha sido tratado (en
nuestro caso, si ha percibido Renta Agraria) orvdld si no ha sido tratado (si ha percibido Sulsid
Agrario, en nuestro caso). Normalmente se emplea distribucion logistica (modelbogit) o una
distribuciéon normal (modelBrobit).
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r=E(Y,|D=1X)-E(Y, |D=0,X) (4)

Sustituyendo en la expresion anterior el vectoredgesoresX por elpropensity score

estimado, tenemos:
r=E(Y,|D=1p(X))-E(Y, | D=0,p(X)) %)

Donde p(X) es el valor estimado dptopensity scorgpara cada individuo tratado y no

tratado.

2.5.2. Estimadores empleados para el célculo deldeto Medio del Tratamiento
sobre los Tratados

Una vez calculados Iggropensity scorgpasamos a emparejar los individuos del grupo
de tratamiento (los perceptores de Renta Agrama) los individuos del grupo de
control (los beneficiarios del Subsidio Agrario)ar® llevar a cabo el proceso de
emparejamiento de los individuos de ambos gruposbtgner las estimaciones del
efecto medio del tratamiento, existen varios mé&odlernativos, cada uno de los
cuales utiliza diferentes técnicas para emparejamsaindividuos (ver Caliendo y
Kopeining, 2005). En este trabajo mostramos loslta$os procedentes de implementar
el métodoKernel (ver Plesca y Smith, 2007 y Becker e Ichino, 2082)lediante dicho
método se emparejan todos los individuos tratadasuna media ponderada de todos
los individuos del grupo de control, cuyas ponderaes son inversamente
proporcionales a la distancia de los valores eslimalel propensity score de tratados y
no tratados. Asi, el efecto medio del tratamiergongde a través de la siguiente

expresion:

Lo, TV
T b-n, ©)
B YRC G

n

Donde:

3 Ademas del métod&ernel hemos estimado el Efecto Medio del Tratamientplémentando tres
métodos de estimacion adicionales: el método deatéicacion” (Stratification Matching, el método
del “vecino mas cercanoNgarest Neighbor Matching el método del “radio”Radius Matchinyy Los

resultados obtenidos de aplicar dichos métodos diponibles a peticion del lector interesado.
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N': Numero total de individuos que han sido tratados.

Y : Valor de la variable de interés sobre la cualrgm®s medir el efecto medio del

tratamiento para los tratados.

ch: Valor de la variable de interés para los indiaisldel grupo de control.

P, p;: Valor del propensity score estimado para losviddios tratados y no tratados,

respectivamente.

G(.) : FuncionKernel.

h,: Parametro que establece la distancia maxima &s#realores del propensity score

para emparejar a los individuos tratados y no dagaCuanto menor sea el valor del

parametrolfandwith) mas exigentes seran los emparejamientos.

La eleccion del valor 6ptimo de este Ultimo par&metss un aspecto importante a la
hora de llevar a cabo nuestras estimaciones y sebral no existe un amplio
consensd® En este trabajo, para encontrar los valores éptidebandwidthen cada
grupo de estimacion, aplicamos la regla conocigacctSilverman’s Rule of Thumb”.
Ademas, para garantizar la robustez de los resmdtagh todas las estimaciones se ha
calculado el error estdndar de los coeficientescamdo técnicas déootstrapping
implementando para cadstimacion 100 replicacioneBe este modo, para nuestras
estimaciones aplicamos valores dandwidthque estan comprendidos entre 0,30 y
0,56

2.6. Resultados del analisis de evaluacion causal

En esta seccion presentamos la especificacioprdpknsity scorgara la probabilidad
de ser tratado con Renta Agraria, distinguiendogoopos de edad y entre hombres y

mujeres. En ambas especificaciones se incluyerahlad relativas a la experiencia

% Para un anélisis detallado de estas técnicasyyewtio la técnica “Silverman’s Rule of Thumb”
empleada en este trabajo, ver Hardle et al (2004).

% Ademas de estos valores tehdwidth para comprobar la robustez de los resultadosimlutg, hemos
estimado el efecto medio del tratamiento aplicainde valores distintos mas reducidos, que son 0,01;
0,03 y 0,06. Los resultados de estas estimaciastén disponibles a peticion del lector interesado.
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laboral previa del individuo en el REASS, variablektivas a los municipios bajo un
criterio de agrupacion para tener en cuenta laactaisticas productivas de los
mismos, asi como una serie de indicadores de langia donde se trabaja y el afio en
el que se produce el cobro, dejando en estos @tioasos soOlo las que resultan
significativas. La razén por la cual se han redlizastimaciones diferentes por sexos
obedece al hecho de que se podria pensar, a pioria existencia de incentivos
diferentes entre hombres y mujeres en relacionsadseisiones en el mercado de
trabajo, debido a un amplio conjunto de circunstende tipo personal y familiar, que
no podemos observar en nuestra base de Jayage pudieran estar reflejandose en la
duracién de los empleos encontrados en el REAS®seorocesos de busqueda de un

nuevo empleo tras el cobro o en las decisionesatapleo en el mercado de trabajo.

Ademas de las estimaciones incluidas en este trals® han probado distintas
especificaciones, incluyendo variables ficticiad desto de afilos comprendidos en
nuestro periodo de analisis para recoger posiliagos de tipo coyuntural sobre la
probabilidad de percibir Renta Agraria a lo larg periodo considerado. También se
ha probado la inclusiéon de variables ficticias tidto de provincias andaluzas para
recoger efectos diferenciales de tipo territoff@das estas variables han sido excluidas
de las estimaciones presentadas debido a que noliannel “test de balanceo” por el
cual se garantiza a nivel estadistico el supuesto intlependencia entre las
caracteristicas individuales (observables) y la&cs@bn al tratamiento (ver Becker e
Ichino, 2002).

2.6.1. Estimacién del propensity score

En las tablas 2.6, 2.7, 2.8 y 2.9 del Apéndiceuinubs la estimacion degiropensity
scorepara la probabilidad de percibir Renta Agrariantieea cobrar Subsidio Agrario

para los grupos de hombres y mujeres, menores da&i@s y entre 25 y 51 afos,

3" En la MCVL no tenemos informacién que enlace adasintos miembros de una misma unidad
familiar (como ocurre en otras bases de datos, quun@jemplo, en la Encuesta de Poblacién Activa),
por lo que el conjunto de factores de tipo fami{jaor ejemplo, motivos de conciliacion laboral, pas
factores que tienen una mayor incidencia entrenlagres en sus decisiones en el mercado de trabajo)
que pueden afectar al comportamiento laboral dénldisiduos en el mercado de trabajo, no podemos
controlarlos en base a las variables de nuestedmdatos.
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empleando un modeloogit.*® De los resultados de las cuatro estimacionesusfeas
podemos deducir que las variables que mas inflereda probabilidad de percibir
Renta frente a Subsidio son la edad, el nivel €tk y la experiencia acumulada
como trabajador del régimen agrario. Asi, vemobermrtuatro grupos estimados que: 1)
a medida que aumenta la edad, para el caso deagsre@s de 25 afios, la probabilidad
de ser perceptor de Renta disminuye; 2) tenerwai aducativo superior a la ensefianza
basica (titulo superior a graduado escolar) aumelitha probabilidad y 3) los
trabajadores que acumulan un mayor numero de aizsmdo en el régimen agrario
para una edad dada tienen una menor probabilidased®eneficiarios de la Renta
Agraria. Ademas, observamos efectos positivos eprdbabilidad de percibir Renta
Agraria para los episodios de cobro en ciertasipe®s andaluzas, que son Cadiz,
Huelva y sobre todo Almeria, asi como en las ddsemefias. Por ultimo, se han
recogido ciertos efectos de tipo coyuntural enrlzbabilidad de ser beneficiarios de
Renta, segun indican los valores de los coeficgeqte recogen las variables ficticias
de afnos, concretamente, para el afio 2009.

2.6.2. Resultados estimados del efecto medio daltamiento

En la tabla 2.10 incluimos los resultados obtenidesestimar el efecto medio del
tratamiento consistente en percibir Renta Agrdriente a cobrar Subsidio Agrario,
segun el estimaddfernel para las cuatro especificaciones propuestapugensity

score de hombres y de mujeres, para menores de 25/addse 25 y 51 afos.

Las variables sobre las cuales hemos estimade&bahedio de percibir Renta Agraria
son cuatro: (1) duracion total anual de los eps®die empleo en el régimen agrario
(REASS) posteriores al cobro de Renta o Subsidedi{gda en dias); (2) duracion total
anual de las experiencias de desempleo posteaouesepisodio de cobro (medida en

dias); (3) la probabilidad de reempleo en el régimgrario (REASS) tras un episodio

% Hemos estimado también pfopensity scorempleando un modelBrobit, calculando de nuevo el
efecto medio del tratamiento empleando las estimnasi de dicho propensity. En dicho ejercicio, hemos
obtenido unos resultados muy similares a los mdesran este trabajo. Todas estas estimacionesastan
disposicion del lector interesado.

% Hay que tomar con cautela los resultados procedet¢ la variable que nos proporciona el nivel
educativo del trabajador debido a que en la MCVLenwste informacién actualizada sobre el nivel
educativo ya que dicha informacién procede del ®a@ontinuo y ésta no se actualiza regularmente. Po
tanto, el nivel educativo estara infravalorado gaellos individuos con niveles educativos supesio

Sin embargo, pensamos que este hecho deberiar ianighenor medida en nuestro estudio dado que el
total de individuos en nuestra muestra trabajagl gnupo de cotizacion de “peones y asimilados”.
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de cobro; (4) la probabilidad reempleo en el RégitGeneral de la Seguridad Social

tras un episodio de cobro.

Tabla 2.10Efecto Medio del Tratamienté&érnel Matching.

Hombres
Menores de 25 afios | Entre 25y 51 afos
(bwidth=0,56) (bwidth=0,34)
Coef. Estad. T Coef. Estad. T
Duracién empleo intercobro 73,746 6,493 66,09 19,035
Duracion desempleo -80,835 -15,697 -82,933 -36,41
Probabilidad reempleo REASS 0,163 6,147 0,186 13,444
Probabilidad reempleo Régimen
General -0,115 -3,301 -0,219 -31,074
Mujeres
Menores de 25 afios | Entre 25y 51 afios
(bwidth=0,53) (bwidth=0,30)
Coef. Estad. T Coef. Estad. T
Duracion empleo intercobro 94,797 6,953 103,43 23,661
Duracién desempleo -86,475 -13,869 -88,393 -49,923
Probabilidad reempleo REASS 0,112 2,246 0,135 7,257
Probabilidad reempleo Régimen
SN -0,165 -7,956 -0,219 -27,398

Si analizamos los grupos de trabajadores de ebte 21 afios (hombres y mujeres),
podemos ver que, por un lado, para los hombreduracion total anual acumulada de
las experiencias de empleo en el REASS posterairesbro para los individuos que

han cobrado Renta Agraria es 66,09 dias superilar de los individuos que han

percibido Subsidio Agrario. Para las mujeres, esitsma diferencia aumenta hasta
103,43 dias al afo. Por tanto, parece confirmaugstra evidencia previa de que los
individuos tratados con Renta Agraria acceden demamue duran mas tiempo, y esto
lo observamos tanto para hombres como para mujgsts.nos puede dar a entender
que, dado el disefio de proteccion por desempled mercado de trabajo agrario en las
regiones de Andalucia y Extremadura, las decisisoése la oferta de trabajo de los

beneficiarios de estos instrumentos pueden esg@@ndendo en buena parte de la
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diferencia en el disefio de ambas medidas de @gléit la cual una de ellas (la Renta)
introduce mecanismos de incentivo a la busquedantg@deo a través de una mayor

cuantia en la prestacién futufa.

Por otra parte, atendiendo al efecto de la polgaare la duracion de los episodios de
desempleo, vemos que tanto para hombres como pgeses) la duracion media anual
de los periodos de desempleo tras el cobro de Regngaia, frente a Subsidio Agrario,
es menor. Concretamente, esta reduccion suponespasso de los hombres de entre
25 y 51 afios 82,93 dias al afio menos respect® @uk cobran Subsidio. De manera
similar, vemos que las mujeres en la misma fragaedad beneficiarias de Renta
Agraria experimentan una duraciéon media anual depiriodos de desempleo tras el
cobro que es 88,39 dias inferior, frente a las QUdbsidio. Por tanto, segun estos
resultados los individuos que cobran Renta Agrg@manecen menos tiempo
desempleados que los que cobran Subsidio, pordoacgmprobamos de nuevo que el
disefio diferencial de la Renta Agraria puede estatificando la actitud de busqueda
de empleo de los individuos (tanto hombres comaeres) que la perciben, frente a los
trabajadores que cobran Subsidio Agrario.

Ademas de las medidas propuestas para evaluaddacaién de la duracion media del

desempleo, las dos estimaciones siguientes midperobabilidad de que un trabajador
que cobre Renta se reemplee tras un episodio de.déb este trabajo analizamos el
efecto sobre dos tipos de probabilidades de reemmemplearse en el régimen agrario
(REASS) o reemplearse en el Régimen General dedariflad Social, tras un episodio
de cobro de Renta Agraria frente a uno de Sub$idiBuando analizamos la

probabilidad de que un individuo que perciba Remntlva a emplearse en el REASS,

0 Para tener una aproximacion de la cuantia queigroghercibir los beneficiarios del Subsidio, en el
caso de que cobrasen la Renta Agraria, podemos taniaformacién sobre el nimero anual de dias
cotizados en el REASS por el beneficiario de Subsibresentativo, por sexo y grupo de edad (tapla

Y a esta informacién le sumamos la estimacién athéesobre la diferencia media en el niumero de dias
cotizados al REASS (tabla 10). Haciendo esto, @m®s que en todos los grupos analizados, los
beneficiarios cotizarian entre 160 y 175 dias al, gfor lo que, aplicando los criterios de la Renta
Agraria, obtendrian un importe de subsidio cuyantinsseria del 101% del IPREM.

“ ' Hemos excluido del anélisis la estimacion del tefespbre la probabilidad global de reempleo (sin
diferenciar entre REASS y Rég. General) debidoeadichas estimaciones pueden estar sesgadas, puesto
gue para el grupo de perceptores del Subsidio grdentro de los sucesos de reempleo en el Régimen
General se incluyen empleos del AEPSA (anterioreneienominado PER) hecho que no ocurre en el
grupo de perceptores de Renta Agraria. En cualauaiso, los resultados que obtenemos para el efecto
medio del tratamiento sobre la probabilidad glamreempleo es de un 8,2% para los hombres menores
de 25 afios, y de un -3,3% para las mujeres de 2Btye51 afios. Para el resto de grupos analizadlos,
efecto medio no es estadisticamente significaffamlas estas estimaciones estan disponibles agretici
del lector interesado.

48



ésta es, para el grupo de hombres, entre un 16,8P018,6% superior que la misma
probabilidad para los individuos que cobran Subsigi para el grupo de mujeres
también obtenemos que la probabilidad de que lasfic@arias de Renta se reempleen
en el REASS es superior que para las beneficidedSubsidio, concretamente, entre
un 11,2% y un 13,5% superior. Por tanto, de nueweqe que la Renta Agraria esta
creando incentivos para dirigir a los trabajadotesto hombres como mujeres, a
reemplearse con mayor éxito, particularmente gragio Régimen Especial Agrario.
No obstante, cuando analizamos el efecto de ldigaolobre la probabilidad de que
estos trabajadores se reempleen en trabajos abtizah Régimen General de la
Seguridad Social, dicha probabilidad se reduceotpata hombres como para mujeres
con respecto a la estimada para los beneficiarbSudbsidio Agrario. Concretamente,
para los hombres obtenemos que dicha probabilidtichada se reduce para los
beneficiarios de Renta un -11,5% (para los mendee®5 afios) y un -21,9% (para los
de entre 25 y 51 afios) y, de manera similar, pganujeres encontramos que dicha
reduccion esta entre el -16,5% y el -21,9%, resmeuente para cada grupo de edad.
Posiblemente, como explicamos en la seccion 2i8)pasibilidad de computar los dias
cotizados en trabajos del AEPSA (antiguo PER) de aaolicitar un nuevo derecho de

cobro para los perceptores de Renta Agraria estésdie este resultado.

2.6.2.1. Estimacion del Efecto Medio para menoresab afos

Como vimos anteriormente, el comportamiento dendwviduos menores de 25 afios es
distinto en términos de salida del desempleo. S@gemte debido al diferente disefio
gue tiene tanto el Subsidio como la Renta Agraudaig este colectivo el nimero de dias
de derecho de cobro crece con el total de jornadhajadas en el afio precedente), el
incentivo a trabajar es mayor para este colectimolg que podriamos esperar que el
efecto de un incentivo adicional como es el queaafia Renta Agraria en términos de
mayor porcentaje sobre el IPREM podria estar mdaaambién un diferencial en

cuanto al efecto causal de esta politica sobreddables estudiadd$.En la tabla 2.10

podemos observar los resultados de estas estineacidos cuales muestran que,

42 En la versi6n de la MCVL utilizada en este traba es posible identificar la existencia de
responsabilidades familiares (al menos en la verd&la MCVL sin datos fiscales, que es con la que
trabajamos aqui), por lo que la divisién de la rtraegue se utiliza en esta seccién (menores d€i@s a
frente al resto) no es exactamente coincidentdacdivisién que determina la politica utilizada: noees

de 25 afios con responsabilidades familiares fimesto de trabajadores.
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efectivamente, existen diferencias interesantegleefecto que la Renta Agraria ha
tenido tanto sobre la duracion de los empleos posts al cobro como sobre la
probabilidad de reempleo tras el cobro. Por otréepabtenemos evidencia de que el
sentido de estas diferencias es distinto para@adero: son las mujeres jovenes las que
mas parecen beneficiarse del disefio alternativia denta Agraria, mientras que los
hombres jovenes muestran efectos positivos denéaRegraria menos importantes que
los mostrados por el conjunto de los hombres estraumuestra.

Con respecto a la duracion de los empleos traleloc obtenemos que el efecto
positivo que supone tener acceso a la Renta Adrardée a Subsidio Agrario es algo
menor para los hombres menores de 25 afos (-7&5rénte a los -75,7 reflejados en
la tabla 2.10 para los hombres mayores de 25 gfesjambién menor para las mujeres
de esa edad, comparadas con el resto de la m@&dira dias para las menores de 25

afos frente a los -67,6 mostrados para las de 2btyes1 afos).

Con respecto a la probabilidad de reempleo en &S¥tras el cobro, obtenemos que
ésta crece ligeramente en mayor proporcion paranlgsres mayores de 25 afios que
cuando consideramos a las mas jovenes (11,2%amjavienes frente a 13,53% para la
muestra de mayor edad), y sucede algo similar jpardhombres: 18,6% de aumento
para los de entre 25 y 51 afios, frente a 16,3%lpsuraenores de 25 afos.

Estos resultados sugieren que las mujeres joveaesionan de manera mas intensa a
una intensificacion de los incentivos economicasi, Auando al incentivo ofrecido por
ambas politicas, consistente en ofrecer una may@cwn del cobro a medida que se
trabajan mas jornadas, se une otro adicional adiogedr la Renta Agraria, y consistente
en una mayor cuantia a medida que se trabajanan@dps, son las mujeres las que
parecen reaccionar en mayor proporcion no solo esmpgose a mayores tasas sino
también en empleos que duran algo mas. En definiiistamos encontrando evidencia
de una mayor elasticidad de la oferta de trabajeefena a cambios en los incentivos
econdmicos ofrecidos por el mercado y las politm#asicas que afectan a este, tanto en

el total de la muestra como, de manera particatdre el colectivo de las mas jovenes.
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2.7. Conclusiones

El objetivo principal de este trabajo ha sido amaalisi para un determinado colectivo,
formado por los trabajadores eventuales agrariodaderegiones de Andalucia y
Extremadura, existen incentivos a trabajar masy gansecuencia, si el disefio de la
normativa sobre prestaciones por desempleo vig@menuestro caso, la antigua
normativa del Subsidio Agrario) pudiese estar gamdo desincentivos a la busqueda
activa de empleo por parte de estos trabajadores.

Este andlisis lo podemos llevar a cabo, aplicahdmi®que y la metodologia propios
de la evaluacion causal, gracias a la introduceiel afio 2003 de otro instrumento de
proteccion por desempleo destinado al mismo celeae trabajadores y aplicado en
las mismas regiones: la Renta Agraria. El disefiestie nueva medida establece ciertos
incentivos a la oferta de trabajo, concretamenteritivos monetarios, a través de una

mayor cuantia de la prestacion, a medida que aaneéntimero de dias trabajados.

Para llevar a cabo nuestro estudio, hemos divithdmuestra en distintos grupos de
trabajadores segun el tipo de prestacion (Rentabsidio) que reciben, su género y su
edad. Para cada grupo comparado hemos llevadaainadnalisis descriptivo sobre las

duraciones medias de las experiencias de desentfdsoun episodio de cobro,

obteniendo evidencia a nivel descriptivo sobrestiuccion en las duraciones medias de
desempleo para los individuos que han percibidBdata Agraria respecto a los que
siguen percibiendo el Subsidio Agrario. La magnidledeste efecto varia segun el grupo
comparado, pero hemos obtenido basicamente quéguknslos grupos de trabajadores
analizados, la duracién media de los periodos dendgleo entre 2004 y 2009 para los

gue cobraron Renta Agraria es inferior a la degles cobraron Subsidio Agrario.

Por dltimo, realizamos un andlisis econométrico leammlo dicha metodologia de
evaluacion causal previamente comentada, paraastinefecto medio del tratamiento,
consistente en percibir Renta Agraria, sobre latadios, frente a los individuos que
perciben Subsidio Agrario que son consideradosrepay de control. Asi, hemos
estimado el efecto de percibir Renta sobre la dbmagdel desempleo, la duracion de la
experiencia de empleo en el REASS, la probabildadeempleo en el REASS y la
probabilidad de reempleo en el Régimen Generalad&dguridad Social, tras un

episodio de cobro.
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Nuestros resultados indican que percibir Rentatdra percibir Subsidio, aumenta la
duracién del empleo en el REASS posterior al cobna media de 69,85 dias para los
hombres (73,74 dias para los jovenes, y 66,09 es los mayores) y 99,1 dias para
las mujeres (94,79 dias para las menores de 25i08,43 dias para las de entre 25y
51 afos). Asimismo, encontramos que cobrar Rentarmgdisminuye la duracion del

desempleo posterior al cobro (81,85 dias menoslpattsombres y 87,45 dias menos en
el caso de las mujeres) en comparacion con lo queepara los que cobran Subsidio
Agrario, y aumenta la probabilidad de que se progdnznuevos reempleos, pero solo en
trabajos cotizando al REASS, observando que ditdses de reempleo son superiores
para los hombres perceptores de Renta Agraria7(éb% para los hombres, frente al

12,35% para las mujeres). Sin embargo, cuandozanabis la probabilidad de que se
produzcan nuevos reempleos en el Régimen Genelal®guridad Social, parece que
la Renta Agraria reduce estas tasas en la misraasidad, tanto en hombres como en
mujeres, para el grupo de entre 25 y 51 afos, etamente en un 21,9%. La no

disponibilidad de los empleos encuadrados denttopamrama de empleo agrario,

denominada AEPSA, para los perceptores de Rentaridagrodria estar detras de este

efecto.

En definitiva, en este articulo encontramos evigenotara de que la oferta de trabajo
agraria responde de manera positiva a los incenintooducidos en el sistema de Renta
Agraria de cara a trabajar un mayor nimero de @st® disponibilidad a trabajar es
mas fuerte entre las mujeres que entre los honibregal puede estar reflejando una
mayor elasticidad de la oferta de trabajo femeeimal sector agrario de Andalucia y

Extremadura.
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Tabla 2.6 Especificacion delpropensity scorepara Hombres menores de 25 afios

(elasticidades).

Renta Coeficiente  Estad. T
Experiencia en el REASS (afnos) 0,050 3,16
Experiencia en el REASS (afios”2) -0,007 -2,76
Nivel educativo bajo -0,061 -1,43
Edad -0,002 -0,68
Almeria 0,627 6,08
Jaén 0,001 0,03
Cadiz 0,124 2,06
Huelva 0,174 2,99
Malaga -0,009 -0,24
Sevilla 0,027 1,09
Extremadura 0,039 1,35
Ao 2004 -0,125 -9,15
Afo 2005 -0,076 -6,04
Afio 2006 -0,045 -3,37
Afo 2007 -0,022 -1,37
Afio 2008 0,002 0,12

“El valor de la funcién de verosimilitud es -373.985el PseudoR2 es 0.2150 y el nimero de obsensx&s
1.259, de las cuales con tratamiento son 158. béapidn de referencia esta formada por hombresnogsi
educativo alto (en nuestro caso, titulo superigramluado escolar) que viven en las provincias delda y
Granda. Todas las variables explicativas de esimason han pasado el “test de balanceo”, conivel de
significatividad de 0.001, para cumplir el supuedto independencia entre las caracteristicas indiléd
(observables) y la seleccidon al tratamiento. Tesstringir la muestra sobre la Region de Soporte @gral
grupo de control se reduce en 44 observacioneslagde dicho grupo finalmente con un tamafio de 1.057

observaciones.
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Tabla 2.7 Especificacion delpropensity scorepara Hombres entre 25 y 51 afos

(elasticidades)!

Renta Coeficiente  Estad. T
Experiencia en el REASS media-alta -0,032 -13,61
Experiencia en el REASS alta -0,044 -18,51
Nivel educativo bajo -0,030 -5,56
Edad -0,001 -7,58
Almeria 0,312 13,58
Jaén 0,009 2,50
Huelva 0,168 10,23
Malaga -0,010 -3,58
Extremadura 0,004 1,20
Afo 2005 0,034 3,88
Afio 2006 0,086 5,74
Ao 2007 0,219 8,29
Afio 2008 0,372 11,17
Afio 2009 0,496 14,51

4El valor de la funcién de verosimilitud es -2347.34| PseudoR2 es 0.4152 y el nimero de obsenexies
14.247, de las cuales con tratamiento son 1.15pobéacién de referencia esta formada por homhresivel
educativo alto (en nuestro caso, titulo superigraaluado escolar) y experiencia en el régimen iagbaja y
media-baja, que viven en las provincias de CoérdGnanada, Sevilla y Cadiz. Todas las variablesiexplas

de esta estimacion han pasado el “test de balancen”un nivel de significatividad de 0.001, pauanplir el
supuesto de independencia entre las caracteristidagduales (observables) y la seleccion al traémto.
Tras restringir la muestra sobre la Regién de Sep@omun, el grupo de control se reduce en 243

observaciones, quedando dicho grupo finalmentaiodamarfio de 12.847 observaciones.
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Tabla 2.8 Especificacion delpropensity scorepara Mujeres menores de 25 afios

(elasticidades].

Renta Coeficiente  Estad. T
Experiencia en el REASS (afios -0,003 -1,48
Nivel educativo bajo -0,012 -1,08
Edad -0,001 -0,85
Almeria 0,436 4,24
Jaén -0,012 -1,78
Cadiz -0,006 -0,71
Huelva 0,068 2,47
Malaga 0,007 0,46
Sevilla -0,013 -2,00
Extremadura 0,007 0,59
Ao 2004 -0,026 -4,70
Afio 2005 -0,020 -4,17
Afio 2006 -0,015 -3,52
Afo 2007 -0,008 -1,82
Afio 2008 -0,001 -0,19

El valor de la funcién de verosimilitud es -251.489¢el PseudoR2 es 0.3584 y el nimero de obsensx&s
1.802, de las cuales con tratamiento son 102. béapidn de referencia esta formada por hombresnoas
educativo alto (en nuestro caso, titulo superigramluado escolar) que viven en las provincias deld@a y
Granada. Todas las variables explicativas de astmarion han pasado el “test de balanceo”, conivel de
significatividad de 0.001, para cumplir el supuedt independencia entre las caracteristicas ingiléd
(observables) y la seleccion al tratamiento. Tessringir la muestra sobre la Regién de Soporte @pral
grupo de control se reduce en 211 observacionesiamao dicho grupo finalmente con un tamafio de91.48

observaciones.
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Tabla 2.9 Especificacion delpropensity scorepara Mujeres entre 25 y 51 afios

(elasticidades).

Renta Coeficiente  Estad. T
Experiencia en el REASS media-alta -0,008 -11,12
Experiencia en el REASS alta -0,006 -11,88
Nivel educativo bajo -0,007 -5,51
Edad -0,001 -4,14
Edad"2 0,000 3,98
Almeria 0,265 10,35
Cadiz -0,002 -1,30
Malaga 0,000 -0,17
Huelva 0,088 9,31
Sevilla 0,002 2,28
Extremadura 0,005 2,84
Afio 2004 -0,010 -13,63
Afo 2005 -0,008 -12,38
Afio 2006 -0,007 -11,64
Afo 2007 -0,004 -9,46
Afio 2008 -0,003 5,71

"El valor de la funcién de verosimilitud es -208&8B]lel PseudoR2 es 0.3940 y el nimero de obsenexis
29.376, de las cuales con tratamiento son 737 ob#apion de referencia esta formada por hombrescah
educativo alto (en nuestro caso, titulo superigramluado escolar) y experiencia en el régimen agbaja y
media-baja, que viven en las provincias de Cérd@ivanada y Jaén. Todas las variables explicatieassth
estimacion han pasado el “test de balanceo”, comvel de significatividad de 0.01, para cumplisapuesto
de independencia entre las caracteristicas indilégu (observables) y la seleccién al tratamient@s T
restringir la muestra sobre la Region de Soporte@y el grupo de control se reduce en 784 obsemesj

guedando dicho grupo finalmente con un tamafo d@587bservaciones.
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3. The stepping stone effects of training contractdesting this
hypothesis for the Spanish Labor Market*

3.1. Abstract

Training contracts are the typical tool to reduocemployment incidence and to favour
job stability for workers with low educational attenent levels. In this paper, we

investigate whether training contracts increasdrénsition rate to regular work. In that

case, training contracts may enhance the acquisaia accumulation of skills that

outwith their low educational attainment levels. W& longitudinal administrative data

of young individuals to estimate a multi-state diora model, approaching to the

“timing of events” methodology developed by Abbriagd Van den Berg (2003). To

deal with selectivity, the model incorporates batinsitions from employment and

from unemployment states, it allows for competirgl rat each state, and unobserved
determinants of the transition rates. Moreoveddal with the dynamic of the treatment
assignment, we include an additional equation bickvive estimate the transition rate
to the treatment. The results show that trainingtreets may be serving as stepping-
stones towards regular employment. They reducenitidence of unemployment and

they substantially increase the fraction of low Iieal young workers who achieve a

regular work within a few years after entry intdraining contract, as compared to a
situation with other kind of temporary contracts.

Keywords Duration analysis; Training contracts; Steppinmast effect; Unobserved

heterogeneity; Temporary contracts.

JEL classification C41, J64.

43| am greatful to participants at the 1IZA WorksHdgvhich Institutions Promote Youth Employmént?
that took place at Bonn (Germany) in June 2015,spattially to Pierre Cahuc, Konstantinos Tatsiramos
and Bart Cockx, for their helpful comments and ssfgns that have contributed to significantly
improve this work. | also thank comments from peEptints at the 41th Simposio de Analisis Econémico
held in Girona (Spain) in December 2015, and frartipipants at the XI Jornadas de Economia Laboral
held at Universitat Autonoma de Barcelona (Spainjuly 2015.
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3.2. Introduction

During the current big recession the unemploymeig has increased across many
European countries and this increase has beerydarty high for young workers and
especially for low educated ones. The number ofngopeople out of work in the
OECD area is nearly a third higher than in 2007 seidto rise still further in most of
the countries with already very high unemploymemttihhe months ahead. Youth
unemployment rates exceeded 25% in nine OECD desnat the end of the first
quarter of 2013, including Ireland, Italy, Portugapain and Greece. The sharp increase
in youth unemployment has lead the European Uroasehd a clear message that more
must be done to provide youth with the skills amtpithem to get a better start in the

labour market and progress in their career.

One of the countries where this situation is mawenthtic is Spain. According to the
Spanish Labor Force Survey (LFS hereafter), therst @nportant differences in the

unemployment rates by educational attainment lewitsthe beginning of the big

recession, in the second quarter of 2008, 31.4%oa0f educated young workers were
unemployed (16.9% for the whole young labour fordayo years later, in the middle
of the economic crisis, this rate raised to 52.13%6.6%), and six years after, the
unemployment rate reached 56.9% (39.4%). Theseesgashow the weakness of an
important segment of the Spanish young workforoé, lsighlight the need to carry out

economic policy actions oriented to solve this abgroblem.

As in many European countries, in Spain, the tngror vocational contract has been
the preferred tool within the sets of active labonarket policies to facilitate the
integration of young workers in the labor markete($or example, Costaneaal, 2013,
and European Comission report 2013). Especiallyoereducated ones, which in 2014
still represented 8.1% of the young population. fen aim of this type of contract is
to reduce youth unemployment at the same time tthamprove the skills of low
educated young workers. This contract implies aeexgent between the worker and
the firm, in which the latter commits to investworkers’ training. However, little is
known on whether this contract effectively help Iskill workers to acquire the skills
needed to decrease unemployment incidence andtithegslevel of job turnover
suffered for many low educated workers.
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In this paper, we analyze the effect of this aclalor market policy on the subsequent
career development of young individuals. For thatppse, we compare the labour
market carrier of workers who get a training cocitiia their first spell of employment
relative to the ones who get other kind of temppremntract at their first spell of
employment. The idea is to test whether the investnm training within the company
has any impact on both employability and job stgbfbr the workers who benefited
from this contract. In particular we analyze thedineeded to find a permanent job.

An important issue in the Active Labour Market ms (hereafter, ALMP) evaluation
literature is the difficulty of controlling for settion biases that may lead to specious
positive or negative programme effects. We use itadmal administrative data of
individuals to estimate a multi-state duration mo@gplying the “timing of events”
approach developed by Abbring and Van den Berg3R0lb deal with selectivity, the
model incorporates transitions from both employmamii unemployment states, and
moreover we control for the presence of unobsedetdrminants specific to each state

(employment or unemployment) and to each destinatidhe transition rates.

An important advantage of the dataset used overeguwlata is that we have detailed
information of all the employment and unemploymetiords of each worker since they
first entered the labor market allowing us to traserkers’ employment and

unemployment histories over an extended periodimk.t Using the information

provided by this database we can set up an evatuakiercise. In particular, we analyze
the labor market history, in a ten year time hamizof two different groups: those who
began their career through a Training contraatedworkers-, and those who did it

through any other type of temporary contrambrtrol group.

In this paper, to perform this evaluation analysis develop a mixed proportional
hazard rate model with multiple states —employnaemt unemployment, and allowing
competing risks for each state. For the employrs&ate, the competing risks are: exit
to unemployment; exit to a temporary contract; exi to a permanent job. And for the
unemployment state are: exit to a temporary cofjtean exit to a permanent job. This
specification allows us a precise control of thiéedént labour market transitions that an
individual can experience before entering into am@ament contract —which is our
absorption state. We also control for the presesfceinobserved heterogeneity. In
addition to this, to approach this evaluation eser¢o the “timing of events” method,

we deal with the dynamic assignment to the treatrbgnincluding an equation in the
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likelihood function to estimate the transition rafeaccessing to the treatment just at the
beginning of the working life of individuals. Andh this equation, we allow that the
unobservable factors that may affect to the assggnno the treatment are correlated to

the unobservable components affecting to the uneynpnt exit rates.

The results obtained show that training contractably favor job stability of workers

who start their first spell of employment with thige of contract. These gains in job
stability come from different sources. Firstly, Wers who held training contracts have
a lower probability of exit to unemployment duriting first year of the contract (10.5%)
than workers who hold other types of temporary @ms (24.7%). Hence they do not
suffer from high job turnover as the “typical’ teorpry worker does. Secondly,
workers benefited from a training contract have wcimhigher probability of having a
job-to-job transition into a permanent contractarthother temporary workers. The
differences found are striking. At the end of tee@d year of the contract, the exit
probability to a permanent contract is 30.4% forrkeos holding a training contract,
while it is only 3.9% for workers holding other kirof temporary contracts. Moreover,
at the end of the third year, these differences @an higher: 44% and 4.7%,
respectively. These rates also show the importahteetreatmentduration on the job-

to-job rate, and particularly on job stability, fimose hired under this type of contract.

The structure of the paper is as follows. SectioB fReviews existing empirical
literature. Section 3.4 describes the data usedsantple selection process, as well as
describes some distributional characteristics efwlorking sample. Section 3.5 briefly
presents a descriptive analysis of data based eertipirical Kaplan-Meier estimates.
Section 3.6 describes the econometric model prabodsed the estimation results are
presented in Sections 3.7, 3.8 and 3.9. Sectidhshaws the importance of controlling

for the presence of unobserved heterogeneity. ligjrigéction 3.11 concludes.

3.3. Related Literature

There exists previous empirical literature thatlsleaith the evaluation of specific
contract regulations as a tool to enhance labokehagzareers for certain groups of
workers. Typically these papers test the steppioges effect of different kind of

temporary contracts. Fixed-term contracts have Hweadly analyzed, both from a
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theoretical and an empirical perspective. The ecglititerature that studies the effect
of this type of labor contracts is very extensivel grovides ambiguous results. For
instance, Marloes de Graaf and Van den Berg (20fvBstigate whether temporary
work increases the transition rate to regular wdikeir results unambiguously show
that temporary jobs serve as stepping-stones t@wvagular employment. They shorten
the duration of unemployment and they substantiaigrease the fraction of

unemployed workers who have regular work within eav fyears after entry into

unemployment, as compared to a situation withootptaary jobs. However, these

authors analyze only transitions from unemployment.

Van den Berg, Holm, and Van Ours (2002) analyzecthier paths in the medical
profession in Netherlands. They also apply a "tgrofirevent” approach to analyze the
existence of a stepping-stone effect. The meth@yopwoposed in this article attempts
to identify a causal effect of treatment by corlingl for the presence of unobserved
heterogeneity both in the selection to the treatraed in the exit rates analyzed. And
obtain that to accept a temporary job (as a medissistant) substantially increases the

transition rate to a more stable job (as a juniedital specialist).

For the case of Belgian labor market, Cockx anadh?oc(2012) study the presence of
stepping-stone effects for a sample composed @-lerm unemployed. They find that

people who accept very short-term jobs (thoserigsine quarter or less) have, within a
two years period, a higher probability of findingpa that lasts at least one year relative

to those who remain unemployed.

Hence, previous empirical literature points thahperary contracts seem to improve
labor market prospects for young workers at thg/esti@ge ot their labour careers.

However, the empirical literature for Spain is ragnclusive in this respect. For
example, for the Spanish labor market, Garcia-PanezMufioz-Bullén (2011) analyze
the employment trajectories for a sample of yourgkers, finding that workers transit
at a high rate mainly between temporary contrdmtsthe transition rate into permanent
jobs are very low. Also for the Spanish labor markkebollo-Sanz (2011) focuses on a
sample composed of young workers (aged 18 to 28) amalyzes whether the
accumulation of temporary contracts may serve ggpgtg-stones towards a permanent
job. Interestingly, she takes into account whetlldgs accumulation of different

temporary contracts takes place in the same firmaross different firms. Her findings
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suggest that employers might be using this typsoafracts as a screening device while
other firms seem to use them on a permanent bidsisceforth, she concludes that
workers who accumulate temporary contracts in giffefirms are more likely to find a

stable work than workers who tend to accumulatsdlm®ntracts in the same firm.

A special type of fixed-term contracts is appregglup or training contract. These labor
contracts are targeted to low educated young wseykerd are aimed to provide them
professional skills and qualifications, and spedifuman capital by training on the job.
Apprenticeships have been broadly used in manygd&ano labor markets, especially in
German labor market (see for example, Tremblaylan@ot, 2003, and Hoeckel and
Schwartz, 2010). There is also empirical literatwiened to the evaluation of
apprenticeships. For example, the seminal work dgtB and Satchell (1994) analyzes
the effect of apprenticeships in the UK for a ldadinal sample of young school-
leavers. They find that workers who complete thprapticeship stay longer employed
than those who do not complete the apprentice geespecially within the same firm
where they received training. More recently, Piociind Staffolani (2013) focus on the
Italian labor market, and using an administratigagitudinal dataset that covers the
period 2009-12, analyze the effect of apprentigesbin the probability of accessing to
a regular employment. They find that apprenticesnaore likely to get a permanent job
within the same firm where the training was perfednwhat suggests that employers
may be using apprenticeships as screening deweceyiting apprentices (through an
open-ended contract) who showed more ability orivaton during the training

process.

However, empirical studies analyzing the apprestiges in the Spanish labor market
are scarce. A reason for that might be the norlawubiy of a longitudinal micro dataset

for research purposes until the release of thei@amis Sample of Working Histories

in 2005.

In this paper, we try to contribute to the empiridarature analyzing the stepping-stone
effect of apprenticeship contracts in the Sparasiod market during the period 2000-09
for a sample of low-skill young workers. Particlyawe propose a causal evaluation
exercise to study the causal effect of trainingtiamis on job stability by looking at

both, subsequent employment duration and unemplotynmeidence. Moreover, we
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focus on the role of training contracts on prospéabor paths of workers taking into

account not only the short-run effects, but alsorttedium run effects.

3.4. Data and sample selection

We use administrative longitudinal data from the@ph Social Security database, in
particular the waves from 2011 to 2014 of the Guardus Sample of Working Histories
(hereafter CSWH). The CSWH is compiled annually &wveéry year comprises a 4
percent non-stratified random sample of the popmrategistered with the Social

Security Administration. Hence, the initial datadascludes all individuals who came
into contact with the Social Security system, indahg both wage and salary workers
and recipients of Social Security benefits, namalyemployment benefits, disability,

survivor pension, and maternity lea¥.

In addition to age, gender, nationality, state e$idence Comunidad Auténon)a
education, and presence of children in the housdehible CSWH provides highly
detailed information about the worker's previous jdore specifically, we observe the
dates the employment spell started and ended, hethiy earnings history, the
contract type (permanent versus fixed-term), thmupation and industry, public versus
private sector, and the firm size. The CSWH atdorms us on the reason for the end
of the employment spell (quit versus layoff), andether the worker receives
unemployment benefits and the type of benefits (pleyment Insurance versus
Unemployment Assistance). In addition to the emplent spells duration, we also
compute the duration of each unemployment episgdméasuring the time between

the end date of the worker’s previous contractthedstart date of the new one.

The sample finally used in the analysis is defibgdthe type of active labor market
policy analysed. The training contract is a fixedst contract (with a minimum
duration of 1 year and a maximum of 3 years) adde$o young workers (between 16
and 24 years old) who lack acknowledged vocatiapallification. The aim of this

contract is twofold: first, candidates need to ctetgpsome kind of formal educational

4 Garcia-Pérez (2008) and Lapuerta (2010) contdieep exposition about features of CSWH as well as
all necessary techniques to perform a durationyaisalising working lives information.

4> Earnings are deflated using the Spanish Consunime Pidex (2011, Base).

66



qualification during the duration of the contrasecond, the skills acquired through

qualifications are directly applied to the hiringnepany.

In correspondence with the designof the trainingtiaxt, our selected sample is
composed of newly incoming young workers aged betwk6 and 24 years old who
started their working career from the year 2000 amolw and for whom their first
employment spell was a low qualified off&Once selected the inflow of workers, we
follow their working lives throughout a 10-yearsripd. The strategy followed to
analyze the effect of a training contract in ourdalas to split the sample in two groups
of individuals: those whose first contract was @ning contract versus those whose
first contract was a temporary one. The purposthisfselection is to get a sample of
workers as homogeneous as possible, for whom teeredible differences are only due
to the type of labor contract by which they hawatsd their working career. In our final
sample we have that 24.30% started with a trairiagtract, 66.77% started with

another kind of temporary contract, and 8.93% etawith a permanent contract.

3.5. Descriptive analysis

Table 3.1 shows the number of workers that holdh égpe of the two labor contracts
analyzed, training and temporary, and also regbeslistribution by gender and age for
each group of workers. Similarly, Table 3.2 sholenumber of unemployed that went
to unemployment state after holding a training masitor a temporary one, and also

reports the distribution by gender and age for emobp of unemployed.

“®In the CSWH we have information on the qualifioatilevel of each employment spell, so we can
observe the qualification level of workers on t.jIn this paper, we differentiate four qualificat
levels: High qualification, Mid-high qualificatioMjid-low qualification and Low qualification.
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Table 3.1 Number of employed workers. Distribution by gendege, type of exit and

employment duration

Training contract | Temporary contract
Number of workers 18,8411 51,456
Employment spells 23,235 199,758
Censured 1.07 % 2.50 %
Non-censured 98.93 %o 97.50 %
By gender
Male 67.45 9 67.39 %
Female 32.55 % 32.61 %
By age
16-18 years old 54.53 % 15.17 %
19-20 years old 35.24 % 22.71 %
21-22 years old 7.91 % 22.37 %
23-24 years old 2.32% 25.24 %
25 and older 0.00 % 14.52 %
By type of exit
Exit to Unemployment 59.7 % 68.2 %
Exit to a Temporary job 25.9 % 24.54 %
Exit to a Permanent job 14.4 Po 7.27 %
By employment duration
1 year or less 67.52 % 92.06 %
1to 2 years 29.35 % 6.14 %
More than 2 years 3.13% 1.8%
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Table 3.2Number of unemployed workers. Distribution by gendge, type of exit and

unemployment duration

After having a After having a

Training contract | Temporary contract
Number of unemployed 10,924 43,136
Unemployment spells 15,981 176,197
Censured 28.10 % 35.36 %
Non-censured 71.90 %o 64.64 %
By gender
Male 65.60 % 66.05 %
Female 34.40 % 33.95 %
By age
16-18 years old 49.88 % 13.93 %
19-20 years old 34.20 %o 21.79 %
21-22 years old 11.51 % 22.49 %
23-24 years old 3.79 % 25.59 %
25 and older 0.62 %o 16.21 %
By type of exit
Exit to a Temporary job 89.3 % 89.2 %
Exit to a Permanent job 10.7 po 10.8 %
By unemployment duration
1 to 6 months 60.03 % 71.61 %
7 months to 1 year 23.95 Mo 19.53 %
More than 1 year 16.02 % 8.85 %

As we can see in Tables 3.1 and 3.2, the gendeibdison is almost the same between
the two groups of workers: For employed (unempldyeorkers, 67% (66%) are males,

and 32% (34%) are females.

Focusing on Table 3.1, these two groups show eifiees in age distribution: 90%
(38%) of training (temporary) workers are not oldean 20 years old. The legal
regulation of the training contract, targeted toge aged from 16 to 24 years old,
explains this difference. Regarding employment tioma we also observe some
interesting differences that point out that tragnioontracts have a higher average
duration than temporary ones: 92% of temporarylspas$t up to one year, while there
Is an important percentage (29%) of training sptbidd last up to 2 years. Indeed, a little

fraction (3.13%) of them last up to 3 years. Thaning contract has a legal maximum
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duration of 3 years, so there exist a little petage of training workers who hold the

contract up to its legal maximum duration of 3 gear

Respect to the type of exits, again basic stasigiaint out that training contracts favour
job stability more than temporary ones. On the bmed, it seems that temporary
contracts exit to unemployment more frequently theaining contracts: 68.2% of
temporary spells go to unemployment, but only 59a®rainings do this transition.
And, on the other hand, the percentage of traismgracts exiting to a permanent job
(14.4%) doubles temporary’s (7.27%).

However, when we look at the sample of unemployedkers, we do not observe that
those workers who hold a training contract perfdoetter than those who had a

temporary one.
3.5.1. Empirical hazard rates

One important dimension of the evaluation exergisgosed in the paper is that we
take into account the timing of the process, tBatwe analyse not only the type of
transition experienced by the young worker but atsoduration. In this section we

present some additional descriptive statisticsr@teoto see whether the dynamics of the
transition rates differ between training contraespect to the rest of temporary
contracts. Empirical Kaplan-Mef€r estimates for the state of employment and

unemployment are shown in Figures 3.1 and 3.2 emiely.
3.5.1.1. Empirical hazard rates: Exit from employmnt

Figure 3.1 plots the empirical employment hazar@gsdrom the first employment

episode observed in the labor career of workethensample. As explained before, in
the employment state, workers can be employed uadegining contract or under a
temporary contract, and they face three competisks:r 1) Exit to unemployment

(E=>U); 2) A direct transition to a temporary caur (E=>T); and 3) A direct transition

to a permanent contract (E=>P). Here we focus e tinst employment episode.

Left panel of Figure 3.1 shows the employment hdhzate for workers holding a
training contract, and the right hand side panelhshthe employment hazard rate for

workers holding a temporary contract.

" For more details on the Kaplan -Meier nonparametstimators, see Kaplan and Meier, 1958.
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Figure 3.1 Empirical hazard rates from employment

Kaplan Meier estimates : First Employment Spell

Transition from a Training contract Transition from a Temporary contract
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These empirical hazard rates confirm what we alreprbsented in the previous
statistical analysis (Table 3.1): training contrs¢em to be more stable since workers
holding these contracts suffer lower rate of egitto unemployment during the first
months of the spell as well as benefit from a higge of exiting to a permanent
contract along the duration of the contract, andiqdarly after two years. Figure 3.1
shows that, first, the probability of exiting toamployment during the first year of the
training contract is substantially lower in compan to the other type of temporary
contracts. Second, more than 60% of workers holditrgining contract for at least two
years go directly to another job without passinguigh an unemployment episode
(20% of them go to another Temporary contract, 40% find a Permanent contract).
And, third, 50% of training workers who exhaust theximum legal duration of the

contract (of three years) find a permanent job.
3.5.1.2. Empirical hazard rates: Exit from unempiment

And Figure 3.2 shows the empirical unemploymentalézrates from the first
unemployment state (i.e workers who, after the #reployment episode, transited to
unemployment state). In the unemployment statespliethe sample of unemployed in
two groups: 1) unemployed who have just been engolaynder a training contract, and
that have not found another job while they were leygad (left panel at the Figure).
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And, 2) unemployed who have just been employed uademporary contract, and that
have not found another job while they were employeght panel at the Figure). They
all face two competing risks: 1) A transition taeanporary contract (U=>T); and 2) A

transition to a permanent contract (U=>P).

Figure 3.2 Empirical hazard rates from unemployment

Kaplan Meier estimates : First Unemployment Spell

Previous Training contract Previous Temporary contract
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In contrast to what we observe in Figure 3.1, tmpiecal hazards ploted in Figure 3.2
show the similarities of transition rates faceddmth training and temporary workers
once they are unemployed.

Henceforth, the empirical hazard rates shown FgGré and 3.2, seem to suggest that
the stepping-stone of training contracts, if it slexist, takes place mainly while the
worker remain employed through direct transitiayb{jo-job) from these contracts into

other temporary job, and especially into a Permaoee?®

“8 Much of these direct transitions into a permarjebtare experiences within the same firm where the
worker has been trained through the Training Cehti@o we think that many of these labour contracts
are performing as an investment in human capitalaansignaling to the worker within the firm. Apart

of our future research agenda, we will introduceum econometric model a specific risk of thesedtir
transitions (job-to-job) into the same employerthis paper we focus on a broader objective, thab i
analyze transitions into a permanent job withoantiying firms of origin and destination.
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3.6. Econometric model

In this section we explain the econometric modelppsed to perform the evaluation
exercise as well as the likelihood function budt this goal. We have developed a
duration model to jointly estimate employment am@mployment exit rates, using a
mixed proportional hazard rate model with multigkates and competing risks and

unobserved heterogeneity components specific to gade.

Since our econometric model approaches to a “tirofrgvents” (see Abring and Van
den Berg, 2003), an important aspect to take imwownt is the estimation of the
transition rates into the treatment, defined haréoae hired under a Training contract.
Then, in the final likelihood function, we add aguation to estimate the transition rates
into the treatment. With this equation, we confoslthe observable and, above all, the
unobservable factors that may affect to the salrgtito the treatment, and furthermore,
we allow for the correlation between these unolsdes factors affecting to the
selection into the treatment, and the unobservabi@mponents that affect to the

unemployment exit rates.

In our model, in contrast with the econometric feavork proposed by Abring and Van
den Berg (2003), the estimation of transition ratee the treatment is defined as the
period elapsed since the individual ends colleg® @mtil he/she enters into the labor
market. We perform this estimation strategy malmgause we observe in our sample
that 59.3% of treated workers have been treatddajuthe beginning of their working
careers. So they tend to receive the treatmenspéeific point in their working lives in
which they are young (between 16 and 24 years ad) have not still acquired any
working experiencé&? Moreover, since they have not had any contact with labor
market, we think it may be more likely that the esx to the treatment (to be hired
under the Training contract) is independent onalbeervable characteristics (depending
only on the legal requirements required to access)tinstead of as a result of, for
example, the attachment level that the individualyrhave to the labour market, or

because of networking effects.

9 The way we define the elapsed time for the selaatiquation implies that throughout this period the
worker has not yet contributed to the Social Ségufihat elapsed duration in this case is the pgerio
between the date the worker is 16 years old (theinmim legal working age in the Spanish labour
market) and the date he has his first employmeisbdp.
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Regarding the destinations the workers face in @at¢he two states considered in the
model, they differ depending on whether the workeemployed or unemployed. From
an employment state, the individual faces three pmimg risks upon exit: exit to
unemployment, to a temporary contrdtpr to a permanent contratAnd in the
unemployment state, there are two competing rigf@nuexit: exit into a temporary

contract, or exit into a permanent job.

Finally, as will be explained below, to control fahe presence of unobserved
heterogeneity we estimate our model following therkvof Heckman and Singer
(1984), according to which no distribution for usebved components should be
impose a priori, modeling the distribution of uneb&ed heterogeneity non-
parametrically. Moreover, our model is highly fleld since the unobserved

heterogeneity term will be state and competing sgs&cific.

3.6.1. Functional form of hazard rates

We estimate a discrete time duration model wheeedilration variable is defined in
term of quarters. In this model, we define the exite from each specific state
(employment or unemployment) towards each of thenpmiing risks faced by
individuals. In particular, in each quarter theiundual can stay in one of two specific
states: employment or unemployment. This two stgése the range of S = {E, U}, ie
E = employment, and U = unemployment. The compeisig faced by the individual,
which are specific to each state, define the raofigBs. Therefore @ = {U, T, P},
where d = U implies exit to unemployment; D= T implies exit to a Temporary
contract; and B = P implies exit to a Permanent contract. Simyladefining the two

possible risks from the state of unemployment, aeehD), = {T, P}. Therefore 3 =T

*% Exit to a Temporary contract (either from employmenfrom unemployment) also contains the exits
towards another Training contract. We do this beedn our sample there are few observations o§ exit
towards a training contract, and therefore we hastevariability enough to consider it as anothekri
different from the rest of destinations definedtire likelihood function. Therefore, for reasons of
computation, we cannot identify a specific riskaar model to control for exiting towards a Training
Contract. However, this fact does not prevent useael them differentially because we have included
explanatory variables to control for the type dfdar contract the worker is employed, and whictetgp
contract held prior to the current period.

*L |n this paper, we consider the event of findingeamanent job as absorption stateby which once
the worker has found this type of job, he leavesgample and its remaining labour history is rerdove
from our estimation sample from that time.
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implies exit to a Temporary contract; ang B P implies exit to a Permanent contract.

This exit rate follows a Multinomial Logit with thellowing general specification:

explQf, (1)
1+ > explQS,, (1)
S Ds

hs,DS (t| QE,DS 1) =

Where Qg (t) = A5, (t) + XSp, (1) Bep, + Zop, Aap, +Vsp,

ngs (t) is a polynomial that represents all the varialglessidered in the hazard rate

that we will explain in more detailed below. We s that, in each of the two states
defined S={E,U}, all the explanatory variables maifect the exit rates differently
whether the worker is employed under a Trainingtreah or under a Temporary
contract (in the case of the employment statejyloether the unemployed worker has
just been employed under a Training contract oreudTemporary one (in the case of
the unemployment state). Since in each state (gimant and unemployment), an
individual can be only in one of the two groupsiudled (treated, T, or control, C), we
implement this in the notation of the general sfeation of the hazard rate explained
above by defining the range of R={T,C}. Thus, ireteamployment state, for the group
of treated workers (those employed under a Traimogtract), R={T}; and for the
group of control workers (those employed under mgaary contract), R={C}. And
similarly, in the unemployment state, for the grafgreated workers (those who have
just been employed under a Training contract andtwet into the unemployment
state), R={T}; and for the group of control workgteose who have just been employed

under a Temporary contract and went out into thempioyment state), R={C}.

To achieve this, we have interacted all these egttay variables with one of two
dummies: a dummy that identifies whether the woikeemployed under a Training
contract (or if he comes from an employment spetlar a Training contract -for the
unemployment state-), and a dummy that identifieadividual is employed under a
Temporary contract (or if he comes from an emplayimgpell under a Temporary

contract -for the unemployment state-).

For example, for the transition from employmenutemployment, the hazard rate of
treated workers takes this specific form:
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exd@L, (1))
1+ explQr,, (1))

hE,U (j |QTE,U )=

Where D, ={U,T,P}

And Q¢ (t) = AL, (1) + XLy (D) Bey + Zey Oy *Vey

And the same hazard rate defined for control warkexkes this specific form:

exdQS, )
1+ expQg, (1))

hE,U (j |Q(é,u )=

WhereD, ={U,T,P}

And Q(I;U (t) = A(I;,U (t) + X(E:,U (t)ﬂé:u + ZE,U aI(E:,U *+Veu

As a result of the definition of our treatment asahtrol groups, a key feature in this
type of specification is that for both employmentiaunemployment hazard rates, we
allow that all covariates have a different effenttbe transition rates for both Training
and Temporary contracts. Then, in practice we stienating two different hazard rates,
but we impose that the only common component adehtevo groups of workers is the

unobservable heterogeneity capturedvy .

Regarding the covariates included in the hazardispations given by the polynomial
Qgp, (1), Xgp (1) and x5, (t) are two vectors that include time-varying variable
specific to each state and to each competing Tiskse vectors include variables such
as the current age-modeled as a polynomial of degree two-, the guirtregional

employment growth rate in order to capture the eounn cycle effect, the interaction
between the employment growth rate and the duratiohne spell (in logs).

*2|n our model, we define this variable as the déffee between the worker's current age in eachaguar
and the minimum legal age at which individuals eapess to a Training contract (16 years old), hatl t
corresponds to the minimum age observed in our Eamp
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Variables A;DS (t) and A(S:,DS (t) capture the duration dependence on the exit rates.

Specifically, we introduce the logarithm and sqdal@garithm of quarters of duration
spells as well as quarter dummies to capture thie exit peaks’

Vectors z;DS and ngS provide explanatory variables that are not timeaAvey. These

are: gender, the region, year dummies that allderéntiate periods before and after
the Spanish economic crisis, industry dummies, \&ar@bles that provide information

about the past work history of individual: numbértemporary contracts has had to
date, a dummy to differentiate whether the indiaidoave had more than one Training
contract, and the number of previous unemploymeells The covariates capturing the
effect of previous labor experience on transitiates will be analyzed in detail in next

sections.

3.6.2. The selection equation

As explained above, we approach to the “timing wérngs” (see Abring and Van den
Berg, 2003), and deal with the dynamic assignmenthé treatment. Therefore, we
model the access to the treatment by includingdalitianal equation in the likelihood
function by which we estimate the transition raighe treatment in a competing risk
framework. We consider that the probability of lgeimred with a Training contract just
at the beginning of the working career depends set @f observable and unobservable
characteristics, and on the duration time spemtenfirst non-employment spell before
the entry into the labor market. We define thistfmon-employment spell as the elapsed
time between the individual's age at the momenthefentry into the labor market (in
our sample, this age is between 16 and 24 yeajsaold the minimum legal age for
working, that in Spain is 16 years old. Therefdog,each individual in the sample we
observe an additional spell (grouped in quartessnahe rest of the equations of the

model) of non-employment state previous to theyeinto the labor market.

%3 |In addition to the logarithmic specification pressl here for capturing the effect of duration
dependence, in an early version of this work weehalgo estimated the effect of duration dependance
a more flexible way, by including a set of dummfes each quarter of the spell (piecewise constant
specification). However, due to the complex speatfon of the hazard rates, that allows for a déffie
effect for each covariate depending on the groupvofkers (treated or control) analyzed, to avoid
collinearity problems we capture the duration delemce with a logarithmic specification. The effett
duration dependence from both types of specifioatiare similar, and are available for the intedkste
reader upon request.
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The duration of this spell varies according to théividual's age at the moment of

entrance into the labor mark&t.

In our model, an individual can access to the labharket by holding one of the three

different types of labor contract, that defines ttiege of D, ={Tr,T,P}. These are: 1)

a Training contract (the treatment grouf), ={Tr ; 2Z) another type of Temporary
contracts (the control grouplp, ={T ; jand 3) a Permanent contract (the absorption
state), D,, ={P } We assume that in this first non-employment spetlividuals face

three competing risks, each of which is one of éndgee types of labor contracts.
Therefore, we estimate the transition rates of rexgeto the labor market in a

competing risks framework.

The general form of the hazard rate takes theviatig form:

edeU}’Dul t) \
1+ expQy, p,, (1))

Dy,

hU1,DUl (t |QU1,DU1 )=

Where D, ={Tr, T,P}

And QUl,DUl )= /]Ul,DUl (t)+ X0, (t)ﬂUI,Dul + ZUlaul,DUl + Vul,DLJl

Aul,Dul(t) captures the duration dependence through the ilbgarand squared

logarithm of the quarterly duration of the spell

X, (t) is a vector containing the set of time-varying aates included in the

especification. These covariates are: current agesquared current age.

z,, is a vector containing a set of non time-varyingariates. These covariates provide

information on: gender, nationality, educationalele year dummies to control for

economic cycle effects, and regional dummies.

In addition to the set of covariates for controfgmses, we include as an instrument
another time-varying covariate: the anual growtke raf the number of Training
contracts. The aim of including this covariate escapture an exogenous source of

variation that may be positively correlated witte throbability of being hired with a

** This duration varies from a minimum of zero quartdor those individuals who enter into the labor
market at age 16) up to a maximum of 40 quarterstiose who enter into the labor market at age 24)
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Training contract (to be treated) just at beginrofghe working life, but not correlated

to the observable and unobservable characterdticslividuals in risk of being treated.

Finally, v, is the unobservable heterogeneity component taedienated. This

1'DU1

component is specific to the first non-employmetdtes and to each of the three

destinations in the range &, ={Tr,T,P}.

3.6.3. Unobserved heterogeneity

As explained above, we have defined an unobsergegtdgeneity component specific
to each state and to each destination. So, we deweral possible values that depend on
the different values for the combination state-desion. In our model, we have defined

Vs p, according to the following structure:

Regarding employment exit rates, since state S antt,as we defined earlier, we have
three possible destinations specific to state S mabely @ = {U, T, P}. Therefore we
define the following unobservable heterogeneity ponents specific to employment

exit rate:

1. Unobservable heterogeneity component specifith&o exit from employment to

unemployment:

Veu =Key *nt
2. Unobservable heterogeneity component specifith¢oexit from employment to a

Temporary contract:

VE,T = kE,T * ,7E
3. Unobservable heterogeneity component specifithéoexit from employment to a

Permanent contract:
_ E
Vep =Kep* 77

The componeny® can take two possible values, namgly={n},ns . Furthermore,

we normalize the valug., = .Bo thatvg, =7°.

With respect to unemployment exit rates, given gtate S = U, and as we defined

above, we have two possible competing risks spetfstate S = U, given by 3= {T,
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P}. Therefore we define the following unobservahégterogeneity components specific

to unemployment exit rates:

1. Unobservable heterogeneity component specifiextio from unemployment to a

Temporary contract:
VU T = kU,T * ,7U

2. Unobservable heterogeneity component specifiexio from unemployment to a

Permanent contract:
_ U
Vup =kKyp*n

The componeny” can take two possible values, namghy={n_,75 . Furthermore,

we normalize the valug, ; =1. So thatv, ; =" .

Respect to the unobserved heterogeneity compospatsfic to the selection equation,
a key feature in our model is that we allow that timobserved factors that affect to the
type of labor contract by which the individuals iretheir working lives® are correlated
to the unobserved factors that affect to the uneympént exit rates throughout their
future career paths. Therefore we define the fahgwunobservable heterogeneity

components specific to first non-employment exi¢sa

1. Unobservable heterogeneity component specificexst from the first non-
employment to a Training contract (that is, to teated at the beginning of the working
life):

—_ * U
VUl,Tr _kul,Tr i

2. Unobservable heterogeneity component specificexit from the first non-
employment to another Temporary contract (that cusap the control group of workers

at the beginning of the working life):
VUl,T = kUl,T *”U

2. Unobservable heterogeneity component specificexat from the first non-

employment to a Permanent contract (that is therphben state):

* That includes: 1) being hired with a training eant (treated workers); 2) being hired with a terapp
contract (control workers); and 3) being hired vathermanent contract (the absorption state).
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—_ * U
VUl,P _kUl,P ,7

And, as explained above, the componetit can take two possible values, namely
n’ ={n 3}

As is shown above, to allow the correlation betwdease two types of heterogeneity,
we decompose the unobserved parameters affectengxih from unemployment into
two parts. For example, foy, ., =k, - *n¥ component, the common factg’ may

be capturing the unobservable variables that infltaeon the search behaviour of
individuals along their labour careers (such tf@atexample, ability and effort levels in
searching for a job). And thk, ;, component acts as a shifter to isolate the specific
unobservable factors that affect to the transitrom the first non-employment state in

the labour career towards the treatment. Finallg allow that this parameter

decomposition depends on the type of labour coninaevhich the subgroup of first job
seekers have employed when they enter into theufabarket:v, ; =k, ; *n" for the
case of entering holding another type of tempocamytract different from the training

one; andv, , =k p *nY for the case of entering under a permanent cdritac

3.6.4. Likelihood function

Once we have defined the functional form of thded#dnt exit rates, the selection
equation, and the unobserved heterogeneity stejoiver define the likelihood function

of our model.

Following the methodology of Heckman and Singer 84)9 the unobserved
heterogeneity is not restricted to a specific pataim probability distribution. Thus, in
the estimation process, we define the likelihoodcfion using four mass-points of

*®In this last case, as these workers have foundragrent job (just in the first employment episodle o
their working lives), we drop from our estimatioansple the remaining labour career because, as we
explained above, we consider that this subgroupvofkers has entered into the absorption state.
Moreover, we think that workers who begin their king career by holding a Permanent job might have
different unobservable characteristics (that weehaot controlled for in the subsequent employmendt a
unemployment transition rates) from the rest of $henple. So, we assume that it could be a possible
source of bias in our estimates. Therefore, inmadel this subgroup of workers only contributeshie
likelihood function through the selection equatidhis means eliminating the entire working carefea o
total of 4,953 individuals who represent 8.93% #fimdividuals observed at the first employment
episode. Furthermore, by doing this we guarante¢ ith our model we are analyzing the effect on
employment and unemployment exit rates of only tyjes of labour contracts: Training contracts versu
Temporary contracts.
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support obtained from different combinations of twalues defined in the range of
n®={nF.ns} and p° ={n’,n; }. To each mass-point is assigned a probability
parameter which is estimated jointly with the redtthe model parameters. The

probability parameters follow a Multinomial Log#o that:

exdpj )

T =———— forj=1,2,3.

| 1+ iexp(pj)
=1

As a result of this combination, we can define fdifferent types of individuals: 1)
those who experience shorter episodes of both gmmaot and unemployment; 2) those
with shorter spells of employment and longer speflainemployment; 3) those with
longer spells of employment and shorter spells mé@noployment; and 4) those who

experience longer episodes of both employment aedhployment.

In the model, each mass-point is associated witlestimated probability, and these

build the following four mass-points:

— U ,E\ — — u — u
= Pr(’71 A ) - Pr(Vul,Tr - kul,Tr’h ‘le,T - kUl,qu 'VUI,P

- u. — U - u. —
- kU1,P,71 'VU,T = ‘VU,P - kU,P’]l 'VE,U -

,71E'VE,T = kE,T’]lE‘VE,P = kE,P’71E)

Unobheter of Firstnon-employmentstate

Unobheter.of Unemploym enstate

Unobheter.of Employmentstate

— U ,E\ — — u — u — u. — U — u. — pE — E — E
M, = Pr(’]l 11, ) - Pr(vul,Tr - kul,Tr’71 ’VU1,T - kul,T,71 'VU1,P - kul,P’71 ’VU,T =1 'VU,P - kU,P’71 ’VE,U =1, 'VE,T - kE,T,72 ’VE,P - kE,P’72)

Unobheter of First non-employmentstate

Unobheter.of Unemploym enstate

Unobheter.of Employmentstate

_ U HE\ — _ u _ u _ u. _ U _ u. — HE _ E _ E
Ty = Pr(’72 Wy )= Pr(Vul,Tr - kul,Tr,72 Mot T kUl,T,72 Vu,p = I(ul,p’72 Vur =2 Vup = ku,P’72 Veu =/ Ver = kE,T’71 Vep = kE,p’71 )

Unobheter of First non-employmentstate

Unobheter.of Unemploym enstate

Unobheter.of Employmentstate

— U ,Ey — — u — u — u. — U — u. _ ,E — E — E
m,=Pr(y; .n;) = Pr(Vul,Tr - kul,Tr,72 My, = kul,T’72 Ve = kul,P’72 Vur =2 Ve = ku,p’72 Veu =12 Ver = kE,T’72 Vep = kE,P’72)

Unobheter of First non-employmentstate

Wherem, =1-m -, -1,

Unobheter.of Unemploym enstate

Unobheter.of Employmentstate

The total likelihood function of the model to betiemted is given by the following

expression:

A=Al 5w bl

And taking the logarithm of this function, we olstai
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ogL =Y logL, =3 Iog{g[ﬂm |j Nk )U}

i=1 i=1

Each of the four mass-point that composes theiligetl function takes the following

expression:

ul
I (/7:1 ,/7nE1)= [(th,Tr (,7#1 ))l(y.71:1> (th,T (kul,rfﬁw ))l(y#:z) (hul, p(kul,pﬂﬁi ))l(yrI:S) (1_ th,Tr _ h” _ thyp)(1—|(y;1=1>—|(y;1=2)—l<yxl=3))}

AccesstotheTreatmenequation

Employmengequation

(hE,u (,75 ))| 8= (hE,T (kETﬂnf ))| (vi=2) (hE p(ka TIE ))| 5=3) (1_ hey —hey - hE‘P)(H ye=1-1 (ye=2)-1 (yﬁ3))]

r (1-e)

(h) T ( rlé ))I v (hu, P(ku, P/7r?1 ))l 0= (1— hu,T - I"u,p )(1—| =1 (v¢=2)

Unemploymat equation

Due to model complexity and the estimation sampie, scomposed by quarterly
employment and unemployment spells, we need toa@dhie algebraic expressions for
both the first and second derivatives of the ltketid function, and then to code them in
an appropriate computing language to obtain the pcoation values in the

maximization process. In other case, the lack afseéh programmed algebraic
expressions would imply that computation time reguients to get the model
parameter estimates would be huge. Furthermoregdtiiis, we guarantee a better
accuracy of parameter estimates, and more preteisdagd errors.

Thus, we implement the optimization process bydwg our own likelihood function,
our gradient vector containing the first derivasi{éirst order conditions equations), and
our hessian matrix containing the second derivatieecond order conditions
equations). Therefore, the improvement obtaineak¥do this full defined model is
outstanding in terms of estimates accuracy andhefgrogramming time required.
Besides the model allows the possibility of estingasample sizes that otherwise could

not be implemented, thus ensuring the soundnetse afoefficients obtained.

" To carry out this estimation, we use Stata prognarg language (see Gould, Pitblado and Sribney,
2006). The main formulas for gradient vector anslsken matrix can be seen in Chapter 4.
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3.7. Estimation results

It is important to know whether training contraer® stepping stones, using Booth et
al.’s (2002) terminology. If training contracts aret a stepping stone, then the problem
becomes evident because there is a proportioneopdpulation that given they low

educational attainment levels will have strongidifities to have a stable labor market

career.

In this section we present the estimation resuiisfthe econometric model described
in previous section. To analyze the effect of emptary variables on the exit rates, we
group them into three groups: i) the baseline ltz@r variables containing previous
labour history of the individual (in which we wifocus in this section); and iii)
explanatory variables for control purposes. Witthis last set of covariates we have
individual characteristics such as gender, agecatibnal level® and nationality; job
characteristics such as firm size, and the industwhich it has its economic activity;
and finally business cycle controls such as théoreg quarterly employment growth

rate, and its interaction with the logarithm of theation of the spell.

3.7.1. Coefficients associated to previous work parience

We focus here on analyzing the effect of past lallostory on the employment and
unemployment hazard rates. To achieve this, we hasleded in our model a set of
variables to control for the effect that prior labdistory accumulated by the individual

can have on the employment and unemployment exi$.r&Ve summarize the previous

8 As a sensitivity analysis, we have also estimatede additional models by splitting the sample
according to the educational levels of workers. Ttea is that more educated workers may have
unobserved characteristics, such as preferencemtivation, that are correlated to the exit ratesth
from employment and from unemployment. For examfibe,the employment state, more educated
workers might be able to better acquire more skillsing the training process on the job and, then a
more likely to get a direct transition from theiiiag contract towards another temporary job, evaals

a permanent one. And, for unemployment state, radtecated unemployed may search for a job more
efficiently and, then find a new job at a higheterthan less educated ones. Results are available u
request.We have not found substantial differences fthe results of the three estimated models.
Therefore, we decide to estimate a unique modethferfull sample, and to include a dummy variable,
both in the employment and unemployment equatitorscontrol purposes. This dummy identifies the
group of more educated workers (those with a pyrsahool degree or equivalent).

However, we have to take these results with cagealsse the information on educational levels pexvid
by the CSWL is not quite reliable. It comes frome Municipality Census database, that is updated onl
each ten years. Therefore, this may lead to oueratt the group of less educated workers in oupsam
since people who have achieved a higher educataegree do not use to update this information @ th
Census, especially when cumunication is not congpwls
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labor experience of the worker in three types abages: 1) Previous experience in
training contracts; 2) previous experience in terapo contracts; and 3) previous
experience in unemployment episodes. The way tbHsets are finally modelled will

depend on the type of state analysed and whetbkentlividual belongs to the control

or the treatment group.

3.7.1.1. Exit from employment: Previous work expaice effect

The effect of previous training contracts is captuby a dummy variable that identifies
whether the worker had any previous experienceaimitg contracts, holding either
one, or more training contractsThe effect of previous temporary contracts is eagut
differently for treated and control workers. Foe tformer group, we only include a
dummy variable that identifies whether the workas been employed with a temporary
contract, but we do not allow a different effecpeieding on the number of previous
temporary contracts hefd.For the last group, the effect of previous tempocantracts
depends on the number of those temporary conthedtsby the worker. Specifically,
we consider the effect of a low contract rotatitbet(veen one and four temporary
contracts), versus the effect of a high contrat¢ation labor history (five or more
temporary contracts). Finally, respect to the ¢ftdchaving suffered an unemployment
episode’’ we also capture this effect by including a setdafmmy variables. And,
similarly to the last case, only for control workewe allow for heterogeneous effects
depending on the number of previous unemploymeigodps. Table 3.3 reports
estimated coefficients associated to past labdordyiscovariates for the employment
equation. Full estimates are displayed in Table 3.

%9 This may be due to extension of the current trgjrdontact within the same firm (whenever duration
doesn't exceed the legal maximum of three yeals¥ May also be due to a new training contractezign
with a different employer. The rules governing thipe of contract provides for this possibility,dan
allows workers to have more than one training @mtirwhenever the worker can get a different
qualification to the one previously obtained witle fprevious training contract.

® Since training workers tend to have less previlalmr experience, a dummy variable capturing
workers with two or more previous temporary conaoes not have enough variability, and therefore
leads to collinearity problems and lack of convexge

%1 1n our sample, unemployment spells include botpeeiences with and without benefits (either from a
contributory benefit, or a care one).
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Table 3.3Effect of previous labor experience on exit frompéoyment

Previous labour experience E=>U E=>T E=>P

Worker currently employed under a Training Contract

One or more Previous Training contract/s (=1) -0.0194 0.484*** 0.746***
Previous Temporary contract/s (=1) -0.0572 0.317*** 0.291***
Previous unemployment spell/s (=1) 0.275%** 0.0181 -0.197**

Worker currently employed under a Temporary Contract

One or more Previous Training contract/s (=1) -0.261*** -0.139***  -0.0953**
Number of Temporary contract/s (1-4) -0.198*** 0.253*** 0.00559
Number of Previous Temporary contracts (5 or more) -0.322%** 0.836*** 0.413***
Number of Unemployment spell/s (1-4) 0.517*** -0.0864***  -0.186***
Number of Previous Unemployment spells (5 or more) 1.031*** 0.0531*** -0.0706

*+ n<0.01, ** p<0.05, * p<0.1

Results from Table 3.3 suggest that work experidmae a positive (negative) and
significantly effect on the reemployment ratesiifir rates). The size of the effect
depends both on the group of workers (treated otral) and on the type of exit. For
example, the effect of previous experience in iaitig contract seems to benefit only to
treated workers. Thus, this effect on the probhdf finding a temporary (permanent)
job is much higher for treated workers, 0.484 (8)7than for control ones, -0.139 (-
0.0953). However, previous experience in tempojabs seems to benefit to both,
treated and control workers. In the case of commwkers, as previous work experience
increases (five or more temporary contracts héhd) probability of finding a temporary

(0.836) and a permanent (0.413) job substantiatiyeiases.

Then, previous work experience increases the pilityatsf moving into employment,

and reduces the probability of exiting to unempleytn And previous episodes of
unemployment seem to have the opposite effecth€urtore, we observe that all the
variables that summarize the past labour histowe leastronger effect on exit rates for

those workers who are employed by a Training cohtra

3.7.1.2. Exit from unemployment: Previous work ex@nce effect

Similarly to the previous Section, in the unempl@yrhequation, we have included a set

of explanatory variables for analyzing the effdwttthe previous employment history
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has on the probability of leaving unemployment estaThese variables include
information on: 1) whether the unemployed previgushd one or more training
contracts; 2) dummy variables that identify the bemof Temporary contracts the
worker has had until the current unemployment s@ald 3) dummy variables that
identify the number of unemployment episodes thekerohas had until the current
unemployment spell. Table 3.4 reports estimatedficents associated to past labor
history covariates for the unemployment equatiarl €stimates are displayed in Table
3.8.

Table 3.4Effect of previous labor experience on exit fromemployment

Previous labour experience Uu=>T U=>P

Unemployed worker has just been
employed under a Training Contract

Training contract (=1) 2.623*** 2.034***
Previous Training contract/s (=1) 0.0782* -0.204
Previous Temporary contract/s (=1) 0.316*** 0.176
Previous unemployment spell/s (=1) -0.115** -0.128

Unemployed worker has just been
employed under a Temporary Contract

Previous Training contract/s (=1) 0.00326 -0.185**
Previous Temporary contract/s (=1) 1.049*** 0.608***
Number of Unemployment spell/s (1-4) -0.0489***  -0.225***
Number of Previous Unemployment spells (5 or more) -0.289*** -0.915%**
Part time job (=1) 0.150*** 0.230***

*k n<0.01, ** p<0.05, * p<0.1

Our estimates show that previous experience iaignitig contract, just before going to
unemployment, substantially increases the prolgbitif leaving unemployment,
towards a new temporary job (2.623), and towargsem@manent job (2.034). It may
suggest that the stepping-stone effect is not priggent meanwhile workers are being
treated (or just after the end of treatment), et ahen workers go into unemployment

and they begin to search for a new job.

However, the accumulation of more than one previnaising contract seems not to

have a minor positive effect on the probabilityfiafling a new temporary job (0.0782),
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and indeed it negatively affects the chance ofifigda permanent one (-0.204),
although the coefficient is not statistically sigeant at 10%. And we find similar
results for the control group: the accumulatiorpoévious training contracts does not
increase the probability of finding a new temporgnly (0.00326), and indeed reduces
the probability of finding a permanent one (-0.185)

This result reinforces the hypothesis by which dteppping-stone effect is present only
during a specific period of time, throughout theadion of the training contract and, at
a lower intensity, during the subsequent unemplayrspell (for those treated workers
who do not achieve a direct reemployment). Oncheeitreatment or subsequent

unemployment episode end, the stepping-stone effexist disappears.

However, these results must be interpreted cayefsihce, as we discussed above, in
this section we are analyzing workers who didntieaxee a direct transition from the
treatment —Training contract— to another job. Thenee we may be observing a
group of "bad" workers, i.e. a group of treated keos less productive that have failed
in getting a matching with the employer while thvegre hired with a Training contract.

3.7.2. Predicted hazard rates

In this section we are interested in presenting ibkavior of the employment and
unemployment exit probability along the durationtbé spell and how this pattern
might differ between treated and control group weosk For that purpose, using
parameters estimates, we compute a predictiondohn dazard rate considered in the
model. To compute these hazard rates we assumedhiaers are in their first spell of

employment or unemployment, respectively, and sasnalerages for all the covariates
are computed correspondly

In particular, in order to show the effect of Tiamp contracts on employment and
unemployment exit rates, we build predicted meamaith rates by calculating the
weighted average of estimated hazard rates fromtyges of individuals estimated
(type | and type II), where the weights are givgrebtimated probabilities associated to
each mass-point of the likelihood function definedur econometric model. Figures
3.3 and 3.4 report the hazard rates for the empdoynand unemployment states,

respectively.
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As we can see in Figure 3.3, the estimated praobalmf exiting from a Training

contract shows significant differences dependinglen destination state. On the one
hand, we can see that the probability of exitingut@mployment shows, negative
duration dependence, as for the control groupithsiiower than the one for the control
group throughout the entire duration of the corntristoreover, it shows two main peaks

at quarters 8 and 12, when the probability of egito unemployment increases to 20%.

However, when we focus on the other competing risk®. exit to another temporary
contract, and exit to a permanent job—, we find tha employment hazard rates show
a quite different pattern. Throughout the duratdriraining contract, there exist only
two quarters when treated workers can transit tyéc another job with a very high
probability. These peaks are observed in quar{en® years of contract), and in quarter
12 (the maximum legal duration of the Training caat). Thus, the probability of
exiting to another temporary contract in quartean8 12 reaches almost 40%; and the
probability of finding a permanent job in quarteréaches more than 20% (30% in
guarter 12). However, in quarters other than 8 Bhdthese probabilities decrease to
1%, and to 0%, for exits to a temporary job and fermanent one, respectively. This is
probably related with the duration of the trainipigpcess that justifies the use of this

type of contracts and which is absent in the cédsestandard temporary contract.

Figure 3.3Employment hazard rates (predicted values)

Predicted hazard rates
Treatment Effect on the Treated

Employment => Unemployment Employment => Temporary Employment => Permanent
44 4 44

T T T T T T T T
10 15 0 10 15 0 10 15

T
0 5 5 5
(mean) durtrim (mean) durtrim (mean) durtrim

—*— Training —*— Temporary‘ ‘—‘— Training —*— Temporary‘ ‘—’— Training ———— Temporary
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It seems that workers holding a Training contraaveh a lower layoff probability

than workers in the control group, and this is esdy important for those who have
been employed less than two years. This issue hateular relevance, since over
40% of our sample of treated workers —those holdaingraining contract— don't

achieve to stay employed at least two years. Toerekince the high re-employment
rates are observed only for workers treated foteast two years, this reveals the
importance of the treatment duration to evaluate dize of the stepping-stone effect

when focusing on the transition rates from the @ymplent state.

This may be a consequence of a potential dualteffiggered by the Training contract,
I.e. the Training contract may be creating a pa&digroup of treated workers: those
who survive for at least two years (and whose réeynpent rates are very high) and
those who cannot be treated long enough to haveplegment probabilities and,
therefore, they exit to unemployment. This mightexplained by the fact that firms
may use this type of contract strategically to weavorkers, using the training contract
as a signaling device. Specifically, the firm care hhe worker for the minimum time
established by the contract regulations, whichixsnsonths, and depending on the
employee productivity observed by the employer ufgtmut this period, the firm may
decide whether to renew the training contract fiernsonths periods up to three years

(which is the maximum legal contract duration).

This may be explained by the different charactess{observable, and especially
unobservable) of workers in the company: the moosévated workers could get to stay
employed longer under the training contract umtdyt reach the legal limit duration of
three years, and the less productive workers wdeéve out after reaching the

completion of the contract, without the compangisewed.

Figure 3.4 shows the unemployment hazard rateswfmkers who had a training
contract and for workers who had a temporary cahtrs we can see in Figure 3.4, in
contrast to what was observed in the employmenardarates, the unemployment
hazard rates towards a permanent job are quitdasitmetween these two groups of
workers. The probability of exiting to a permangoth is almost 0% throughout the

entire duration of both contracts.
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Figure 3.4Unemployment hazard rates (predicted values)

Predicted hazard rates
Treatment Effect on the Treated

Unemployment => Temporary Unemployment => Permanent
3 .39
2 .24
14 14
— e —e
0 0+
T T T T T T T T T T T T
4 6 10 0 2 4 6 8 10
(mean) durtrim (mean) durtrim
—e—— Training — Temporary| |—°— Training —*—— Temporary

However, respect to the exit towards a temporaty, jawe find out significant

differences between treated and control workeesitéd workers face a probability of
finding a new temporary job over 20 percentage tgdmgher than control ones. Both
rates show negative duration dependence: For exanmthe first quarter, over 30%
(10%) of treated (control) unemployed find a nemperary job, and the transition rate
does not sharply decrease: eight quarters laterptbbability of finding a job is still

almost 20% (5%) for treated (control) unemploydipveing weak negative duration
dependence. We are analyzing a sample of youngengriand we think that for those
workers the incidence of negative effects from Idegn unemployment might be

minimal.

In contrast with what was observed in the employtneait rates, for those workers with
a training contract, the high peaks of transitiorathew permanent job disappear. So, it
seems that to go through a period of unemploymmepliés a penalty in the professional
career of treated workers in our sample, refleatacery reduced and constant exit rates
to a permanent job. And we observe that this exiés equal to those who have

previously been employed through a temporary cottiBherefore, it seems that the
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chance of finding a permanent job, by having beapleyed under a training contract,

is lost when passing from this type of labor cocttta unemployment.

3.8. Incidence Functions

The aim of this section is to estimate the treatneffect, consisting of being hired
under a Training contract (treatment group) agaimstalternative of being hired under
another type of Temporary contract (control groupince both the employment and
unemployment equations in our econometric modelofiola Multinomial Logit

function that implies a competing risks framewaxk perform this exercise we follow
the works of Fine and Gray (1999), and Kyyra (2083 we estimate the cumulative

incidence functions instead of the predicted haraies.

In this section we want to focus the analysis om $pecific subgroup composed of
treated workers who received the treatment jugt@beginning of their working lives,
that is, those who entered the labor market hol@dirigaining contract. We think that
these new entrants may be a more homogeneity gsbwyporkers, both in terms of
observable and unobservable characteristics, beazusvo main reasons: On the one
hand, at the time they receive the treatment, theyot have still neither any work
experience nor any attachment to the labor masdtet; on the other hand, since in our
model we include a selection equation, by whichesgémate the transition rate to be
treated at the beginning of the working life (agaitme alternatives of being hired under
another temporary contract, or a permanent one, ecompeting risks framework) we
can guarantee that for this specific group of ee@atorkers, we are controlling for the
observable and unobservable factors that may affextselection to the treatment.
Therefore, by focusing on this specific group @ated workers, we think that we can
avoid the presence of an important source of deftedtias, in order to capture (or, at
least, approach to) an unbiased treatment effetli@treated.

To estimate the treatment effect on the treatedhawe to estimate the counterfactual,
by addressing the following key question: What wilolbive happened to this specific
group of treated workers in case they had not lessied? In our model, we identify
the counterfactual with what would have happeneddtkers in the treatment group if
they had entered the labor market holding anotremporary contract instead the

Training one.
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Recall that the specification of both the unemplegimand employment equations in
our model allows that all the observable charasties (included in the set of
covariates) may have a different effect on the sitaon rates for treated (training
workers) and control workers (temporary workers).pharticular for the employment
equation, we estimate two different vectors of peeters: one specific to treated
workers, and another one for control ones. As altieghe only common components to
these two hazard rates are the parameters assbtiathe unobserved heterogeneity,

n" andn® for the transitions from unemployment and employtneespectively.

Therefore, by applying this identification strategye can rely on the parameters
estimates to capture the isolate treatment effgcuding the estimated coefficients
associated to the vector of unobserved heterogeoamponents (specific to each state
and destination) and the estimated coefficiente@ated to the covariates for treated
workers. And similarly, the vector containing thense estimated unobserved
heterogeneity coefficients (specific to each sgatd destination, too) but the estimated
coefficients associated to the set of covariates fthe group of control workers, if it is

applied to the group of treated workers, provides ¢ounterfactual that we need to

estimate the treatment effect on the treated.

To perform this exercise, we select this group @iv+entrants (into the labor market)
treated workers, and we compute the average valua covariates that we observe
for this group just at the moment of entrance aldbor market. This vector, containing
the average values of the set of covariates ofjtbep of new-entrants treated workers,
draws the “representative average new-entranteeabrker” in our estimation sample.
Then, we expand this vector to replicate theseamewvalues in each of the thirteen
(nine) quarters of the employment (unemploymeng)l$p

3.8.1. The first employment experience

Figure 3.5 shows the cumulative incidence functidos the transitions from
employment state, estimated for the “representaverage new-entrant treated
worker” described above. The blue lines in eacthefthree panels answer the question

of what happens to the treated workers when thegive the treatment. And the red

%2 \We replace the value of the duration variableshsas the logarithm and the squared logartithnhef t
duration spell, and the dummy variables that idiestithe exit peaks included in the specificatidrihe
equation. The average values of the rest of thariaes remain constant along the duration defined
the employment and unemployment equations.

93



lines answer the counterfactual one, that is, whatld have happened to treated
workers in case they had not been treated. Thug ibke the difference between these
probabilities we obtain the Treatment Effect on Theated*

Figure 3.5 Treatment effect on the treated: Exit from thstfemployment episode

Cumulative Incidence Functions
Treatment Effect on the Treated
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As we can see in Figure 3.5, the treatment effages substantially depending both on
the specific destination the worker faces (unemmpleyt, another temporary contract, or
a permanent job), and on the duration of the treatf! Precisely, the role that the
treatment duration plays in the estimation of tieatiment effect can be highlighted in
the transition from employment to unemployment. §;has the left panel of Figure 3.5
shows, the treatment effect on the transition redashnemployment significantly varies
as the duration of the treatment (i.e., the trgnaontract) increases. Specifically,
during the first two years of contract, treated kevs face a lower probability of going
to unemployment than the probability they wouldefacwere employed with another
temporary contract. In the first quarter, this eiéfnce reaches -12.3 percentage points
(23.3% for treated and 35.6% for control, respetyiv But this gap decreases until the
eighth quarter, when this positive treatment effdotost disappears: 0.65 p.p. (54.04%
for treated and 53.39% for controls, respectiveRnally, from the eighth quarter

83 A detailed explanation on the microeconometrimigaes applied to the estimation of treatment égfec
for policy evaluation is found in Myoung-jae Led® (), and in Heckman and Leamer (2007).

% This result emphasizes the importance of taking account the presence of a dynamic treatment
effect, by which the size of the effect may sigrafitly vary depending on the duration of the treatm
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onwards the probability of going to unemploymenttfeated workers increases slightly
over the control group’s probability. At the end thie treatment (the third year of
contract), these probabilities reach 55.7% and %4.fbr treated and controls,

respectively.

As Figure 3.5 shows, it seems that training cotdrace more stable than the other types
of temporary contracts. This may be due to thellegguirement by which training
employees must enroll in a vocational training seumeanwhile they are employed
under the Training contract. Thus, the minimum taraof this kind of training courses
might explain this greater stability during thestitwo years of contract. However, once
the employees have completed the training coursarifnto the two years of contract)

they face a probability of exiting to unemploymsimhilar to control workers.

Therefore, strictly speaking, this greater stapiiitong the first two years of contract
may not be due to the treatment effect, but to rdguirement of enrolling in the
vocational training course (and the minimum duratiof this kind of courses).
However, to overcome this issue, as will be shoeiow, we will focus on the direct
transition rates to a permanent job in order tduwapthe treatment effect on the treated

as a stepping-stone to a regular work.

With respect to the direct transition to anothengerary job, we find a significant (and
important) difference between treated and contrbisoughout the entire duration of
the contract, treated workers face a probabilityirding a new temporary job that is
around 30 p.p. lower than that of the control woskd his is mainly a consequence of
the large difference between the two transitioreggust at the first quarter of the
employment spefl® This result seems to be in line with the exisémgpirical literature,

by which youth and low-educated workers tend tdesu& significantly higher job

rotation between short-term temporary jobs, gettirapped into a looped process
characterized by holding short-term temporary @uo§ and short unemployment
spells. This may be more stressed at the beginpiirtgeir working lives, when they

have not still acquired any work experience andrefore do not have any bargaining

power in the labour market.

Finally, one main goal of this paper is to investegwhether the training contract might

be serving as a stepping-stones towards a regalarAs we can see in the right hand

® The non-cumulative incidence functions are avéglatpon request.
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side panel of Figure 3.5, from the second yearhef training contract, the direct

transition rate to a permanent contract increases, it reaches 4.2% (from the

beginning of the training contract to the fourthagar, this rate has remained almost
constant around 1%, and from the fourth to eighiartgr, around 2%) and remains
over that level (4%) up to the end of the contrétwever, in contrast with what we

observe for the treated group, temporary workersndb face this increase in the

probability of finding a regular job.

This result may suggest the presence of a stegtonge effect for the treated workers
towards a regular employment. This effect is mathhg to the exit peaks estimated in
quarters 8 (tow years of contract) and 12 (the ehdontract). It seems that when
workers are treated long enough (at least for teary of contract), the skills that they
acquire, as a result of the combination of thecafitraining course and the working
experience acquired on the current job, incredsas fiabor productivity. Hence, given
this increase in the labor productivity, and theusaulation of specific human capital
skills, the employer may decide to keep these mooductive workers employed, and
to achieve this, the employer may make use of iten€ial incentives of conversion

training contracts into permanent ofiés.

Moreover, this hypothesis may be supported by #oe that we observe this stepping-
stone effect only meanwhile the individuals arenbereated. Therefore, as we will see
in the next section, it seems that when the treatreds, and treated workers go out to

unemployment, the stepping-stone effect (towanderenanent job) almost disappears.

3.8.2. The first unemployment experience

As was described above, we do not only analyseetieet of training contract on the
exit from employment state, but also we are integes looking at the effect of training
contracts on the duration of the subsequent ungmmaot spell. The idea is to test
whether the skills acquired during the traininggass may have any effect on those

trained workers who have not achieved a directsitimm from the training contract and

% During the entire duration of the training contraamployers benefit from tax reduction. And, otioe
training contract ends, renewals within the samm funder a permanent contract also benefit from
financial incentives.
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that therefore might have different unobserved attaristics respect to the former

group of treated workers.

We think that although these workers have not foarmtew contract rapidly after the
end of treatment, however the training contracicoeveal, for example, a networking
effect that leads to a better matcHihgith another employer that values the specific

skills acquired by the unemployed worker on thenfer job®®

In this section, we perform a similar exercise thatdid in the previous one. The aim

of this section is to analyze whether the treatnedfeict estimated in the employment
state (meanwhile workers were being treated) resnaiter the treatment (once the
treatment ends, that is, once the training coneads) or, by contrast, this increase in
the probability of finding a regular job disappewatsen the treatment ends. The goal of
this exercise is to contrast whether the trainiogtiact may be serving as a stepping-
stone towards another employment (a regular empoynthroughout the subsequent
labor episodes of treated workers, once they haen lireated. Here, once again we
focus on the specific group composed of workers whee treated just at the beginning
of their working lives (the same group as the presisection) but we restrict to the

subgroup of them that did not achieved a directsiteon from the treatment towards

another job and, therefore went out the unemployrsize.

For this specific group of unemployed workers, géneate the cumulative incidence
functions for the two competing risks defined ire thtnemployment equation of our

model: find a new temporary job, or find a permadraere.

®7 Tatsiramos (2009), Rebollo-Sanz (2012) and Rek®éloz and Garcia-Pérez (2015) perform a rigurous
econometric strategy to analize the effect of #eeipt of unemployment benefits on the stabilitythef
subsequent employment.

% This exercise does not try to capture the sizé@imatching effect of the treatment on the subsequ
employment episodes in a mid and long time horiZsithough we include a 10 years time horizon,
meanly due to identification and control purposeghis work we focus on the short time effectstrod
training contract. The evaluation of long term effeof training contracts is a part of our futuesearch
agenda.
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Figure 3.6 Treatment effect on the treated: Exit from thstfunemployment episode
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Figure 3.6 shows the cumulative incidence functidos the transitions from
unemployment state. As we can see in the rightljzafigure, once the treatment ends
and workers exit to unemployment, the probabilityfioding a permanent job is the
same for treated and control unemployed workersci@pally, the probability of
finding a permanent job is very low and does nqtetel on the time spent in the

unemployment state.

However, as figure in the left panel shows, we fthdt training contracts may be
serving as an instrument to enhance the reemplayprebabilities of unemployed

young (treated) workers. We think that the skiligj@red by treated workers through
the training contract may reinforce their probaig$ of returning to work once they go
to unemployment, although they have not achievdulezt transition from the Training

contract to another employment. This result suggésat training contracts may be
serving as two different types of stepping-stong:ad a stepping-stone towards a

permanent job for treated workers who achieve ectitransition from the treatment;
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and 2) as a stepping-stone towards another tempmiarfor treated workers who do

not achieve a direct transition from the treatmant go to unemployment state.

3.8.3. Entry to the labour market

As we explained in the previous section, a keyuieabf our econometric model is that
to control for selection effects into treatment@gimate the transition rates to the entry
into the labour market. For this purpose, we defare equation that follows a

Multinomal Logit (in a competing risks frameworland we define three types of labour
contracts by which young unemployed workers mayrbtgeir working careers. In this

equation, we control for a set of observable catas and, what is more important, for
a set of unobservable components that are cordetat¢the unobservable factors that

affect the unemployment transition ratés.

Once we have controlled for the observable andyaadl, unobservable factors that
may affect the specific type of labour contractvilyich workers begin their working
careers, each of these three cumulative probasiliishown in Figure 3.7) might
approach to a set of three different job offervairrates. Specifically, we estimate the
arrival rate of: 1) being selected to the treatmgnoiup (entry into the labour market
with a Training contract); 2) being selected to toatrol group (entry into the labour
market with another Temporary contract); and 3hdeielected to the absorption state

(entry into the labour market with a Permanent icmt}.

Figure 3.7 clearly shows the presence of threemfft arrival rates, each of one has a
quite different pattern. The probability of enteyithe labour market with a temporary
contract significantly increases along the first qarters of the “non-employment”

(“first unemployment”) state, reaching 60%. Fromttquarter, this rate remains (more

% 1n an early version of this paper, we introducdratial conditions equation, instead of estimatthe
transition rate to the treatment. By including thiial conditions equation, we controlled for bdtte
observed and unobserved heterogeneity factorstagithave an influence on the type of labor contract
held by workers in the first empleoyment episodehgfir working life. As in this current version, we
considered three types of labor contract for th&t #mployment episode: a training contract (tregtm
group), a temporary contract (control goup), apeamanent contract (the absorption state). Addillgn

we allowed for that the unobservable factors tligcathe type of labor contract held at the baginof

the working career were correlated to the unobsdevheterogeneity component especific to the exit
from the employment state. Therefore, in the eadysion we did not take into account the dynamic
assignment to the treatment (to get a trainingrectjt throughout the elapsed time (defined in gaper

as the first non-employment episode) from the ajeud to the entry to the labor market. Estimation
results from this model are available upon request.
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or less) constant slightly over 60%. However, theualative probabilities associated to
the other two competing risks do not increase ashnas the former. Specifically, the
probability of being selected to the treatment heac20% in quarter ¥8and from that
quarter remains almost constant over 20%. And tdgpehe probability of being hired
with a permanent contract (the absorption state$, tate increases slightly reaching
10%.

Therefore, Figure 3.7 shows that as the individaddys longer in the “first

unemployment” state (without entering into the labmarket) and consequently, he is
elder than the legal age for work (16 years oli, probability of being selected to the
treatment (that is, being hired with a training ttact just at the beginning of the

working life) significantly decreases.

Figure 3.7 Entry into the Ilabour market (cumulative incidendanctions)

Entry into the Labor Market
Cumulative Incidence Functions
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3.9. Incidence functions: The effect of previousbour experience

In the previous section we have analyzed the tresttreffect on a specific group of
treated workers, that is composed of new entranitsthe labour market, and therefore
without any working experience. The aim of thisteetis to investigate whether the

100



treatment effect we found out, and specifically shepping-stone towards a permanent
job, is affected by previous labour experience.rnllvee will make use of the covariates
included in our model to capture the marginal effificlabour experience, and we will
include the values of these coefficients to comphigecumulative incidence functions
on the same sample of treated workers used inrthaguis section, in order to analyze

the effect of previous labour experience, remaitimggrest of parameters constant.

3.9.1. The effect of previous labour experience dhe exit from employment state

Figures 3.8, 3.9 and 3.10 show the cumulative eeé functions in the employment
state taking into account the effect of the presitabour experience in the sample of
treated workers. For this purpose, the set of ¢atew included in our model to control
for the effect of previous labour experience on ¢ngployment (and unemployment)
exit rates consist on dummy variables that idenwfyether the worker has had any
previous temporary jobs and/or any previous unepmpént experiences. In each
equation, the specific set of these dummy variablegtly differ from treated and
control workers? In the employment equation, for workers in the tomngroup
(workers holding a temporary contract) we contool the one hand, whether the worker
has held between 1 and 4 previous temporary cdsfrac whether he held 5 or more
temporary jobs. And, on the other hand, whetherwbeker has passed through any
unemployment episodes between 1 and 4 times, arrbooe times. However, in the
case of treated workers we control whether the wronlas held any previous temporary
contract (without distinguishing between the numbérthese), and whether he has
suffered an unemployment episode (again, withostirdjuishing between the number
of these)!

The effect of previous labour experience differsstantially depending on the group of

workers we are analyzing (treated and control omesl), as we saw in the previous

0 As explained before, due to collinearity problemes can not define the same specification for this s
of dummy variables for treated and control workers.

" Although we can not estimate for treated workerifterent effect of previous labour experience
distinguishing between the number of both tempoeg unemployment episodes, we think that this
issue may have a minor impact on our results, dineeaverage number of both previous temporary and
unemployment episodes from treated workers are riaveér than from control workers'.
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section, on the destination state (unemploymenbth&n temporary contract, or a

permanent job).

Regarding control workers, results show that thst femployment episodes seem to
affect negatively their career path, by increasithg probability of exiting to
unemployment (centered figure in Figure 3.8), aadréasing the probabilities of facing
a job-to-job transition towards another temporaty (centered figure in Figure 3.9) and
to a permanent one (centered figure in Figure 3.HYwever, as the worker
accumulates more working experience in the laboankat (passing through 5 or more
temporary jobs and 5 or more unemployment episodiee)probabilities of going to
unemployment and of getting a job-to-job transitioranother temporary job decreases
and increases, respectively. Thus, control workéth high labour experience (5 or
more temporary jobs and 5 or more unemploymenbdpis) face a probability of going
to unemployment lower than control workers with med labour experience (1-4
temporary jobs and 1-4 unemployment episodes),lliguarters of the employment
spell. And the probability of doing a direct trammn to another temporary job
substantially increases in comparison to what wsepke for control workers with
medium labour experience. The probability of tringito a permanent job, however,

remains at the same level.

However, in contrast with what we observe for cointvorkers, for treated ones the
effect of previous labour experience focuses maimiythe probability of going out to
unemployment, and on the estimated stepping-stmmartls a regular job. Specifically
for the last case, we see that as previous labxperence increases, the size of the
stepping-stone towards a regular job slightly deses. For example, a worker without
any previous labour experience (a hew entranttmtdabour market) holding a training
contract until the 8 quarter faces to a probability of transiting (yid-to-job) to a
permanent contract of 4.2%, what is 1 p.p. abowe game probability of treated
workers with previous labour experience (3.2%). Ahts gap increases for treated
workers who exhaust the treatment duration: 5.4%varkers without previous labour
experience find a regular job, against 3.9% of ¢hegh previous labour experience. It
seems that the size of the stepping-stone is bifggehe specific group composed of
new entrants into the labour market holding théning contract than for the rest of
treated workers. In any case, this negative effectot so large, but is an interesting

finding to take into account, and that should begtigated in future research.
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Figure 3.8 Exit from employment to unemployment (cumulatimeidence functions)
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Figure 3.9 Exit from employment to another temporary job (cletive incidence

functions)
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Figure 3.10EXxit from employment to a permanent job (cumukaiivcidence functions)
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3.9.2. The effect of previous labour experience othe exit from unemployment

State

In this subsection, we analyze the effect of presitabour experience on the transition
rates from the unemployment state. Similarly to phevious subsection, Figures 3.11
and 3.12 show the cumulative incidence functionfiéhunemployment state taking into
account the effect of previous labour experienad, Here we focus on the specific
subsample of treated workers who did not achievgabdo-job transition (neither to

another temporary job, nor to a permanent one)rbdfe end of the treatment.

We think that this group of unemployed treated weoskmight have unobserved
characteristics that make them different from tast rof treated workers (those who
have transited to another job meanwhile were begajed, and therefore they have not
passed through unemployment state), and these emvels characteristics may be
correlated to the potential treatment effect, gmetHically, to the size of the (potential)
stepping-stone effect. Therefore, the steppingestdfect found in the previous section
might differ depending on the transition rates we analyzing: from employment, or

from unemployment states.
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As Figure 3.11 shows, for the case of unemployeat&d workers, the previous labour
experience substantially increases the probahilftye-enter into the labour market
throughout another temporary contract. Specifical.5% of treated workers without
previous experience who stay at least two quareesnployed find another temporary
job, and this rate increases up to 64.9% (whichieapmore than 20 p.p.) for the case

that the same group of workers would have any prtesivorking experience.

Regarding to the unemployed control workers, we agan that the effect of a low
degree of previous working experience (1-4 tempojabs and 1-4 unemployment
episodes) increases the probability of going ooinfunemployment, but when control
workers accumulate a large number of previous wgrkéxperiences (5 or more
temporary jobs and unemployment episodes) the pilityadecreases at the level of

control workers without working experience.

These results suggest that the working experierae @n important effect on the
transitions form unemployment, but the size of teect substantially differs

depending on the group of workers analyzed. Tramsitates of unemployed treated
workers are positively affected by the accumulatdrworking experience, increasing
the probability of finding a new job as the workiagperience increases. However, in
the case of unemployed control workers, this effeehore ambiguous, being positive
for a low number of past temporary jobs and unegmknt episodes, but negative as

the working experience increases.
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Figure 3.11 Exit from unemployment to a temporary job (cumiviatincidence

functions)
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Figure 3.12 Exit from unemployment to a permanent job (cumwuatincidence

functions)
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3.10. The presence of Unobserved Heterogeneity

In this section we want to show the importance oftmlling for the presence of
unobserved heterogeneity in our model. As explaimedection 3.6 (econometric
model), we do not impose any parametric distributitor the unoberseved
heterogeneity, and following Heckman and SingeB&9we define a number of mass

points to support the presence of unobserved hgasity components.

Since we consider the presence of unobserved lgeteedy especific both to each state
(employment and unemployment) and to each destimdtom each state, the vector
containing the unobserved heterogeneity componasgsciated to each mass point

takes the general formgy, . where in general

Vi, oV, e Vo1 Vu,piVeu 'VE,T'VE,P) !

Vs, = Ksp, *n®, where S denotes the set of states, employment and unemglaty

and D4 denotes the set of exits especific to each state.

This definition of unobserved heterogeneity compisieestructured as a product,of
and kg, shifters, allows us to have a complex heteroggrestructure with a lot of

correlations without increasing the number of suppoints in the likelihood function.

We also consider the presence of two types of werke each of the two states,
employment and unemployment. These two types okevermay have unobserved
characteristics, such as ability, effort level,afttwe do not control for in the set of
covariates included in the specification of the elodquations) that may influence
differently on the exit rates from each state.Ha employment (unemployment) state,
the two types of workers are captured gy (,°) and ;£ (,¢), respectively. Table 3.5

reports the estimated values for each type of wokked the coefficient and estimated

probability associated to each of the four masatpoi
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Table 3.5Estimated unobserved heterogeneity distribution

Coet.Pi Percent.”’i 2
(7’ =-5283;5F = 1377) -2.358%* | 4.42%
(7Y = -5283;7F = 0236) -0.0323* | 45.24%
(7Y = -3595;7F = 1377) 2557+ | 3.62%
(7 =- 35955 = 023¢) : 46.72%

*+ p<0.01, ** p<0.05, * p<0.1

The aim of introducing the presence of unobsenatdrbgeneity is to disentangle four
types of individuals, depending on the intensitd &ype of rotation between different

labor market states. The largest group (those whresent 46.72%) is characterized by

more employment stability/f = 0236 and high exit rates from unemployment

(75 =—3595): when they go into an unemployment episode, é&pee a quick exit

from this state to a new job. This would be theugravith the desired work behavior,
since most of them come directly from one job tothar, and once unemployed find a
new job quickly. For these, the treatment (havingaming contract) may have a high

effect on reemployment rates from the training castt

The model does not capture unobserved heterogesptific to the employment exit
rates: 91.96% of workers captured by the modetygre Il workers 5 = 0238. This

suggests that differences in employment exit ratas not be due to different
unobserved characteristics. So, we are controlforga wide range of sources of
heterogeneity and the effect found may be attributethe treatment, instead of the

presence of unobservable variables correlatede@titcome analysed. And, therefore,

2 These percentages are obtained using the Multiloigit formula to obtain the probability

distribution of unobserved heterogeneity. Namel%, _exp(p;) expressed in percentajes
i T 3
>.exp(p;)
j=1
’T4=1‘23:”J'
j=1
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if reinforces the reliability on the estimation w#s supporting the presence of a

stepping-stone effect form the employment state.

3.11. Conclusions

Training contracts have become a major form ofvactabor market policy to reduce
the unemployment incidence of low educated youngkers and to enhance their
chances of entering into a regular work. If traghcontracts are not a stepping-stone,
then the problem becomes evident because ther@rgpartion of the population that
given their low educational attainment levels wildve strong difficulties to have a
stable labor market career. Available evidence tlvdhether these contracts are a
stepping-stone to a permanent employment are notmmm since the empirical
literature has mostly focused on the role of terapocontracts of any kind as a device
to favour future regular employment. However, ti@jncontracts are not the typical
temporary contract since benefited workers may isaeqarmal education and training

during the life of the contract. Hence, they desespecial attention.

For testing the stepping-stone hypothesis, we apadysample of low educated young
employees (16-24 years old) for the period 200092@Mbtained from administrative

Social Security records, and apply a mixed propogi hazards rate model with

multiple states —employment and unemployment— tponultiple competing risks, and

controlling for the presence of unobserved hetareig.

The results obtained show that 30% of young pebpeal at least for two years under
this contract find a permanent job immediately raftee training contract (without any

unemployment period in between). This rate increadmost to 50% for those who

complete the full duration of the contract, whittows the importance of the treatment
duration on the job-to-job rate for those hired emthis type of contract. Hence, it
seems that in Spain, some firms make use of tphes ¢f contract as a signaling effect—
once trained and qualified, these employees amdroeiuced into their production

process.

The treatment effect found is mainly reflectedha tirect reemployment rates (directly
from the Training contract towards another Tempocantract, and especially, towards
a Permanent job), but this effect seems to disappeze treatment has ended (i.e. once

the Training contract has conclude). That is, ibtlyhout the duration of the Training
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contract the worker fails, and hence, he does mbtagnew job before the end of
contract; once the treatment is finished, and hes gato an unemployment episode, the
probability of finding a job will be practically ¢h same for anyone who has not
previously received the treatment. Therefore, atiogrto the results obtained, we can
conclude that Training contracts have a positivecefon job stability immediately after
receiving the treatment, but we cannot concluddé fraining contract involve a

stepping-stone effect in the working career otrathted individuals.

3.12. References

Abbring, Jaap H. and Gerard J. Van den Berg, (2003he nonparametric
identification of treatment effects in duration netsY, EconometricaVVol. 71, No. 5,
1491-1517.

Booth, A.L. and Satchell, S.E. (1994): “Apprenticgs and Job Tenure’Oxford
Economic Papersvol. 46, No. 4, pp. 676-695.

Booth, Alison L., Marco Francesconi and Jeff Fré2®02): “Temporary Jobs: Stepping
Stones or Dead Ends7Economic Journal Royal Economic Society, Vol. 112(480),
pp. F189-F213, June.

Cockx, Bart and Picchio, Matteo (2012): “Are Shiored Jobs Stepping Stones to
Long-Lasting Jobs?'Oxford Bulletin of Economics and Statisti¢gd(5), pp. 646-675.

Costanza Biavaschi, Eichhorst, W., Giulietti, Gahdaother authors, (2013): “Youth
Unemployment and Vocational Training”, BACKGROUNDAIPER FOR THE

WORLD DEVELOPMENT REPORT 2013, World Bank.

European Comission report (2013): “The effectivenesnd costs-benefits of

apprenticeships: Results of the quantitative amglySeptember 2013.

110



Fine, Jason P. and Robert J. Gray (1999): “A Popwat Hazards Model for the
Subdistribution of a Competing RiskJpurnal of the American Statistical Association.
Vol. 94, No. 446 (Jun., 1999), pp. 496-509.

Garcia-Pérez, J.I. (2008): “La Muestra ContinuaVdtas Laborales: Una guia de uso
para el andlisis de transicioneRegvista de Economia Aplicadd® E-1, Vol. XVI, pp.
5-28.

Garcia-Pérez, J.I. and Mufoz-Bullén, F. (2011): ahiitions into Permanent
Employment in Spain: An Empirical Analysis for YauVorkers",The British Journal
of Industrial RelationsVol. 49(1), pp. 103-143.

Gould, W., Pitblado, J. and Sribney, W. (200@gximum Likelihood Estimation with
Statg Third Edition, Stata Press.

Heckman, J. J. and Singer, B. (1984): “A Method Ktinimizing the Impact of the
Distributional Assumptions in Econometric Models Ruration Data” Econometrica
Vol. 52, pp. 271-320.

Heckman, J.J. and B.E. Honoré (1989): "The ideafiifity of the competing risk
models",Biometrikg 76, 325-330.

Heckman, James J. and Leamer, Edward E. (editblaidbook of Econometrics,
Volume 6B, Part 18, “Econometric Evaluation of SbdPrograms”, Several Authors,

Elsevier, 2007.

Hoeckel, Kathrin and Schwartz, Robert (2010): “Intiag for Jobs” OECD Reviews of
Vocational Education and Training: Germar@ECD, September 2010.

Honore, B.E. (1993): "Identification results forrdtion models with multiple spells”,
Review of Economic Studjesg, 241-246.

111



Kaplan, E.L. and Paul Meier (1958): “Nonparametkstimation for Incomplete
Observations”Journal of the American Statistical Associatidol. 53, No. 282 (Jun.,
1958), pp. 457-481.

Kyyrd, Tomi (2009): “Marginal Effects for Competirgisks Models with Piecewise
Constant Hazards®Oxford Bulletin of Economics and Statistid®l. 71, Issue 4, pp.
539-565, August 2009.

Lancaster, T. (1990),The econometric analysis of transition dat€ambridge

University Press, Cambridge.

Lapuerta, I. (2010): “Claves para el trabajo conMaestra Continua de Vidas

Laborales” DemoSoavorking paper (2010-37), Universitat Pompeu Fabra.

Lee, Myoung-jae (2005)Micro-Econometrics for Policy, Program, and Treatihe

Effects Oxford University Press.

Marloes de Graaf-Zijl, Gerard J. van den Berg, Afjgeyma (2011): "Stepping stones
for the unemployed: the effect of temporary jobstloa duration until (regular) work",

Journal of Population Economicg4:107-139.

Picchio, M. and Staffolani, S. (2013): “Does Appieeship Improve Job
Opportunities? A Regression Discontinuity ApprogaclA DP No. 7719, Discussion

Paper Series, November 2013.
Rebollo-Sanz, Yolanda F. (2011): "Landing a perméarmontract in Spain: Do job
interruptions and employer diversification matterPhe Manchester SchqoVol. 79,

No. 6, pp. 1197-1236.

Rebollo-Sanz, Yolanda F. (2012): "Unemployment rasge and job turnover in

Spain”,Labour EconomicsElsevier, vol. 19(3), pages 403-426.

112



Rebollo-Sanz, Y. and Garcia-Pérez, J.I. (2015)e“@dnemployment benefits harmful to
the stability of working careers? The case of Spalaurnal of the Spanish Economic
Association (SERIEs), March 2015, Volume 6, Issuppl 1-41.

Tatsiramos, K. (2009): “Unemployment Insurance urdpe: Unemployment Duration
and Subsequent Employment Stability”. Journal efluropean Economic Association,
7(6), 2009, 1225-60.

Tremblay, Diane-Grabielle and Le Bot, Irene (2003)The German Dual
Apprenticeship System: Analysis of its EvolutiondalRresent Challenges”, Research
Note No. 2003-4A, Université du Québec.

Van den Berg, G.J. (1999): "Duration models: speaiion, identification and multiple
durations”, in J.J. Heckman and E. Leamer (edahddook of Econometrics, Volume
V, North-Holland, Amsterdam.

Van den Berg, Gerard J., Holm, Anders and Van Qiag, C. (2002): “Do stepping-

stone jobs exist? Early career paths in the meghazE#kession”,Journal of Population
EconomicsVolume 15, Issue 4, pp. 647-665.

113



3.13. Appendix of Tables

114



Table 3.6Access to the treatment equation

Entry into a Entry into a Entry into a

Training contract | Temporary contract | Permanent contract
Duration dependence
Log(t) -0.378*** -0.197*** -0.888***
Log(t)"2 0.244*** 0.269*** 0.451***
Instrument
Anual Growth Rate of the
Number of Training contracts 0.520%*** 0.0186 -0.00238
Personal characteristics
Current Age - 16 0.0920** -0.240%** -0.133*
(Current Age - 16)"2 -0.0571*** 0.0316*** 0.02471***
Female -0.337*** -0.290%** -0.201***
Immigrant -1.873*** -1.604*** -1.264%**
Educ. compulsory 1 and 2 -0.0386* 0.0171 0.0754**
Economic cycle
Year 2002 0.966*** 0.872*** 0.986***
Year 2003 0.942*** 0.823*** 0.782***
Year 2004 1.068*** 0.841*** 0.855***
Year 2005 1.195*** 1.4771%** 1.925%**
Year 2006 1.401*** 1.4971*** 1.840***
Year 2007 1.881*** 1.989*** 2.464***
Year 2008 2.478%* 2.521%** 2.944%**
Year 2009 3.381*** 3.404*** 3.906***
Regional dummies
Andalucia 0.0346 -0.505%*** -1.369%***
Aragon -0.471%** -0.0505 -0.560%***
Asturias 0.0865 -0.742%** -1.663***
Baleares -0.460%*** -0.000785 -0.794***
Canarias -0.930*** -0.277*%** -0.953***
Cantabria 0.0884 -0.412%** -1.293***
Castilla La Mancha 0.240*** -0.198*** -0.721%**
Castilla Leon -0.249%** -0.390%** -0.837***
Valencia -0.0226 -0.107*** -0.557***
Extremadura 0.300*** -0.799*** -1.365%**
Galicia 0.396*** -0.724%** -1.457%**
Madrid -0.220%** -0.262*** -0.339%**
Murcia 0.0954 -0.208*** -0.223***
Navarra -0.309*** -0.390%** -1.016%***
Pais Vasco -0.567*** -0.505%*** -1.059%***
Rioja -0.925%** 0.0762 -0.463**
Observations 1,580,894
Log Likelihood -965106

Standard errors in parentheses  *** p<0.01, ** p<0.05, * p<0.1
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Table 3.7Exit from employment

Worker currently employed under a Training Contract

Worker currently employed under a Temporary Contract

E=>U E=>T E=>P E=>U E=>T E=>P
Duration dependence Duration dependence
U
Log(t) -0.338*** 0.0763 0.227 | Log(t) -1.369***  -1.751***  -0.836*** un -5.283***
Log(t)"2 -0.0740** -0.0403 0.322*** | Log(t)"2 0.197*** 0.328***  (0.158*** (0.0157)
u
Quarter 4 0.217*** 0.313*** 0.462*** | Quarter 4 0.937*** 1.059%**  1,133*** 17, -3.595%**
Quarter 8 2.301*** 3.064*** 3.624*** | Quarter 8 0.188*** 0.204*** 0.253 (0.0119)
E
Quarter 12 4.114*** 4.465*** 4.676*+* un 1.377***
Current spell Current spell (0.0292)
E
Training contract (=1) -1.267*** -3.124%x% D 243+ 17, 0.236***
Previous labour experience Previous labour experience (0.00816)
One or more Previous One or more Previous up
Training contract/s (=1) -0.0194 0.484*** 0.746*** | Training contract/s (=1) -0.261***  -0.139*** -0.0953** k 1.904***
Previous Number of
Temporary contract/s (=1) -0.0572 0.317*** 0.291** | Temporary contract/s (1-4) -0.198*** 0.253**  0.00559 (0.0140)
Number of Previous -
Temporary contracts (5 or more) -0.322%** 0.836***  0.413*** k 1.931%**
Previous Number of
unemployment spell/s (=1) 0.275%** 0.0181 -0.197* | Unemployment spell/s (1-4) 0.517**  -0.0864*** -0.186*** (0.0291)
Number of Previous Ep
Unemployment spells (5 or more) 1.031%** 0.0531***  -0.0706 k -15.60***
Personal characteristics Personal characteristics (0.624)
Female 0.191*** -0.135%*** -0.0823 | Female 0.342*** 0.291**  0.643*** kUlyTr 0.982***
Current Age - 16 -0.0924*** 0.0314 0.0899* | Current Age - 16 -0.0671***  -0.107** 0.0442*** (0.0102)
(Current Age - 16)"2 0.00418*** -0.00997*** -0.00663 | (Current Age - 16)"2 0.000675*** 0.00264*** 0.000866 kUl,T 0.842%**
Immigrant -0.0732***  -0.0569*** -0.0196 (0.00694)
Educ. compulsory 1 and 2 -0.104*** -0.0415 0.0955* | Educ. compulsory 1 and 2 -0.0134 0.0130 0.165%** ktJl,P 1.261%**
Economic cycle Economic cycle (0.0180)
Quarterly employment Quarterly employment
growth rate (Q.e.g.r.) 0.550 6.990*** -0.104 | growth rate (Q.e.g.r.) -1.820*** 0.163 -0.109 Py -2.358%**
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(Q.e.g.r.) x In(dur. employment) -2.155%** -0.275 1.875 (Q.e.g.r.) x In(dur. employment) 0.243 4.209%** 3.191*** (0.0458)
Other control dummies Other control dummies P -0.0323*
Manufacturing industry -0.258*** -0.105%** 0.426*** | Manufacturing industry -0.149%** -0.730**  0.130** (0.0189)
High qualf. services -0.0643 -0.297*** 0.575*** | High qualf. services 0.199%** -0.161**  0.406*** Ps -2.557***
Commerce -0.0970*** -0.123%** 0.578*** | Commerce 0.0624***  -0.619***  0.503*** (0.0426)
Low qualf. services 0.256%*** 0.0954* 0.918** | Low qualf. services 0.258*** -0.242**  (0.516***

Observations 1,580,894

Log Likelihood -965106

Standard errors in parentheses
*** n<0.01, ** p<0.05, * p<0.1
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Table 3.8Exit from unemployment

Unemployed worker has just been employed under a
Training Contract

Unemployed worker has just been employed under a
Temporary Contract

U=>T U=>P U=>T Uu=>P
Duration dependence Duration dependence
U
Log(t) -0.503**  -0.821*** | Log(t) 0.116**  0.197*** A -5.283***
Log(t)"2 0.0612* 0.303** | Log(t)"2 -0.299***  -0.237*** (0.0157)
U
Previous labour experience Previous labour experience 1, -3.595***
Training contract (=1) 2.623*** 2.034%*x (0.0119)
E
Previous Training contract/s (=1) 0.0782* -0.204 Previous Training contract/s (=1) 0.00326  -0.185** A 1.377***
Previous Temporary contract/s (=1) 0.316*** 0.176 Previous Temporary contract/s (=1) 1.049***  0.608*** (0.0292)
E
Previous unemployment spell/s (=1)  -0.115** -0.128 | Number of Unemployment spell/s (1-4)  -0.0489***  -0.225*** 1, 0.236***
Number of Previous
Unemployment spells (5 or more) -0.289***  -0.915*** (0.00816)
Part time job (=1) 0.150%  0.230%** el 1.904%**
Current spell Current spell (0.0140)
Unemployment benefits (U.B.) -0.738** -1.327 | Unemployment benefits (U.B.) -0.462***  -0.668*** 'S 1.931%%*
Personal characteristics Personal characteristics (0.0291)
Female -0.339%*  0.0283 |Female -0.0629%*  0.321%* k= -15.60%**
Current Age - 16 0.356*** 0.686*** | Current Age - 16 0.680***  (0.781*** (0.624)
(Current Age - 16)"2 -0.0232***  -0.0337*** | (Current Age - 16)"2 -0.0364*** 0.0377*** kUlyTr 0.982***
Immigrant 0.495*** 0.753*** (0.0102)
Educ. compulsory 1 and 2 0.275%** 0.393** | Educ. compulsory 1 and 2 0.770%*  1.023*** kul,T 0.842%**
Economic cycle Economic cycle (0.00694)
Quarterly employment Quarterly employment
growth rate (Q.e.g.r.) 7.525%** 3.546* | growth rate (Q.e.g.r.) 15.51%*  13.42%+* Ko,p 1.261***
(Q.e.g.r.) x In(dur. unemployment) 0.652 2.305 (Q.e.g.r.) x In(dur. unemployment) -3.199%** -2 230*** (0.0180)
Other control dummies Other control dummies P -2.358%**
Manufacturing industry 0.143*** 0.201 Manufacturing industry 0.509*** 0.782%** (0.0458)
High qualf. services -0.0511 -0.0626 | High qualf. services 0.232%**  0.822*** P2 -0.0323*
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Commerce 0.0704* 0.235* Commerce 0.298*** 0.875*** (0.0189)

Low qualf. services 0.110* 0.356** | Low qualf. services 0.260%**  0.772%** Ps -2.557%**
(0.0426)

Observations 1,580,894

Log Likelihood -965106

Standard errors in parentheses
*** n<0.01, ** p<0.05, * p<0.1
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4.  Programming and estimating the likelihood functon, the
gradient vector and the Hessian matrix of a multi-pell and
multi-state discrete time duration model using the Stata

programming language: A practical guidance

4.1. Abstract

This chapter is aimed to provide a practical gucgato the estimation of a likelihood
function applied to a multi-spell and multi-statesalete time duration model with
unobserved heterogeneity, focusing on both the @mphtation of the first order
derivatives that composes the gradient vector, Hral second order derivatives
componing the Hessian matrix applied to the speacéise of the model estimated in
Chapter 3.

4.2. Introduction

As Chapter 3 explained, to obtain the estimaticgulte presented in that Chapter, |
have developed a discrete time duration model fomuti-state and multi-spell

framework that allows for the presence of unobskrveterogeneity specific both to
each of the two states considered (employment amemployment) and to each
destination from each state (in a competing risksméwork from each of two states, by

defining a Multinomial Logit function for the hazhrates).

Moreover, in addition to the two equations mentsbabove, which draws my approach
near to a “timing-of-events” framework (Abbring aN@n den Berg, 2003), the model
also includes an equation to estimate the tramsitade to a treatment in a dynamic
assignment framework. Furthermore, the model dlsws for the correlation between
the unobserved heterogeneity components that affeth the assignment to the

treatment and the transition rates from the uneympémt state.

Finally, the model estimates the parameters withonposing any parametric
distribution on the unobserved heterogeneity corept®) then following to Heckman
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and Singer (1984), a set of mass-points of suppod,their associated probabilities, are

estimated jointly with the rest of the model parens’®

The microdata base | work with in this thesis idech“The Continuous Sample of
Working Histories"(CSWH), and it comes from the administrative resofrom the
Spanish Social Security System. It provides tha@emtorking lives for more than one
million people. This dataset represents a 4% randample from the Spanish labor
force. Therefore, since the estimation sample | hes® a big size, over 1.6 million
observations, | have had to program not only thgelikelihood function, but also the
first derivatives componing its gradient vector afwtthermore, the second derivatives

that composes the Hessian matrix for the likelihfuoattion.

The advantages of programming the algebraic fornthef first, and specially the
second, derivatives of the likelihood function anefold: First, the reliability on the
standard errors of parameters estimated. Secoddhamost important issue, the gains
in computation speed to achieve the model convemersing thed2 method (in
comparison tall or dO methods). Gould et al. (200éxplain in detail these tecniques
used inStatato maximize likelihood functions as well as thecesary steps to program

an estimation command using tB&ataprogramming language.

This chapter is aimed to provide a practical gucgato the estimation of a likelihood

function applied to a multi-spell and multi-statesalete time duration model with

unobserved heterogeneity, focusing on both the @mphtation of the first order

derivatives that composes the gradient vector, Hrel second order derivatives
componing the Hessian matrix applied to the specHise of the model estimated in the
Chapter 3.

The following Sections contain the generic funcaéibiorm of the likelihood function as
well as the basic functional form and explanati@an the first and second order

derivatives.

3 In addition to this, | have written several versioof the model, including for example an initial
conditions equation instead of an equation to egBnthe transition rate to the treatment, as veetither
functional forms for the hazard risks.
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4.3. Functional form of the logarithm of the likelihood function

As Section 3.6 in Chapter 3 explains, the log-lhk@bd function of the econometric

model proposed in that chapter takes the folloviamm:

logL = ZlogL _Z|og{mz4;l[ rj["‘ 7Y e J}

=1

Where, 1, = M for eachm= 123

1+ Z{exp(pm)

And, 7z, =1—Zslﬂm

m=1

Theserr,, terms estimate the probability for each of the fimass-points defined in the

likelihood function, whose parameters are estimgteatly with the rest of model

parameters.

The expression, (/7,‘; /7,'51) calculates the contribution to the likelihhoodirdividual i

in time periodt (that for the duration model proposed in Chaptevtdch is grouped in

quarters) for each of the three equations includede model.

The likelihood function includes three differentuatjons, each of which corresponds to
one of the three states considered: The first emuatorresponds to the non-

employment state previous to entry into the labarkat. This equation estimates the
transition rate towards the treatment (to be hineder a training contract just at the first
employment episode in the working history). Theosecequation corresponds to the
employment state, and therefore estimates theiti@ansates from employment state.

Finally, the third equation corresponds to the upleyment state, and estimates the

unemployment transition rates.
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Then, 1, (/7:’1 qnf) takes the following specific expression:

ul
I, (flﬁ ’75) - (th‘Tr (ﬂﬁ ))I(yw:l) (hul,T(kul,Tﬂﬁ ))I(y;1=2) (h% P(kul,F”x ))l(yrl=3) (1_ th,TT _ th,T _ th’P)(1—|(yf1=1)—|(y.?1=2)—|(y?1=3))]

Access totheTreatmentequation

(hE,u (,7; ))I (y§=1) (h . T(k . anE ))I (¥§=2) (h . P(k . P”n.i ))I (¥ =3) (1 _ hE,U _ hE,T _ hE,P )(1— 1y =1)-1 (ys=2)-1 (v :3))]

Employmentequation

- (A-e)

(hu,T(ﬂ#] ))I (v =1) (hu, F,(kU‘ P,m ))I (¥i=2) (1_ hJ,T _ hJ)P)(l—I (¥ =1)-1 (y‘-;zz))

Unemployment equation

Each termhg (qnf) with S={U,,E,U} and m=12 in this expression defines the

hazard rate from each of the three states ranged #{U,,E,U} towards the

competing risks especific to each state. All hazatds depend on elapsed duration the
individual stays in each state, on a set of obs#eveovariates (both fixed and time-
varying covariates), and on a set of unobservedachexistics especific both to each

state and to each destination.

For instance, the hazard function that estimategrtinsition rate from the employment
state towards unemployment for workers with unolegtrheterogeneity;” (Type |

workers), is computed in Stata by writing the fallog programming code:

qui gen double "h21el' = exp(‘theta21'+ etael’)/( 1 + exp(‘theta21'+ etael’) + exp(‘theta22'+'k22* et ael’) +
exp(‘theta23'+'k23*etael’) )

This line above computes Btatathe specific value for this hazard rate which sattee

following functional form:

exf(/]E,u (t) * Xey (t)ﬂE,U t 72,0y +’71E) X
1+ exptden (0 + Xeo (0 Beo, + Zeo dep, +KEONE)

De

hE,U (t| Xey (1), Zey ”71E) =

Now, we can develop the expression for the valuk @yﬁ ,/71E), that corresponds to the
contribution of individuali in quartert for the first mass-point of the likelihood

function (wheren” =, andn® =nf).
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In order to do this, | define all hazard functidos all state-destination combinations.

Thus, |, (/7iJ ,/71E) in logarithmic form is computed by writing the lfmhing code lines:

qui gen double “sumlogllit' = (1-empleo)*( trans11* In(Ch11ul’) + trans12*In(Ch12ul’) + 1
(1-trans 11-trans12)*In(1-"h11ul’-"h12ul’) ) + 1/
empleo*( trans21*In("h21el') + trans22*In("h22e 1" + trans23*In("h23el") + /I/
(1-trans21-trans22-trans23)*In(1-"h21el'-"h22 el'-'h23el") ) + I
empleol*( trans31*In("h31ul') + trans32*In("h32 ul’) + trans33*In("h33ul’) + /I

(1-trans31-t rans32-trans33)*In(1-"h31ul'-"h32ul'-"h33ul’) )

The above programming lines computes the valudaogfln (/71U,/71E)} which is exatly

this:

lodl (2 75} = ul{l(yxl = Dlogfhy, (7 }+ 102 = Dlogfhy, 1k, 79} + 1058 = Blodhy, ok, 70 }+ 0= 100 =D - 10 =2) = 1y = J)lodL-h, , ~h, ; —m,p}}

AccessotheTreatmergquation

Employmergquation

+ (vi =Dlogfhe, (7 }+ 10y = 2logfhe ke s )+ 10v¢ = Dlogfheplke %} + L 10y =D~ 1(ys =2) - 1(y¢ = 3)lodL-he, ~he, —hEp}}

(1_9){“)/;: = DIOg{hu,T( eri)}"' Iy = 2)|09{hu, P(kU,F”: )}+(1_ [(y: =D-I(y; = 2))|0d1_ hur _hU,P}

Unemployntgequation

Note that the above expression is the contribubahe likelihood function of indivual i

in period t. Once the values dxf)g{lit (/7:;/7,5)} with m=12 have been computed, in
each of the four mass-points, for each individualn each quartet when he is

observed (=12,...,T.), the program can compute the total contributibmdividual i

to the likelihood function. This is achieved by tvrg the following code line:

qui gen double "Li'= “prl*exp(‘sumlogllit’) + p r2"*exp("sumlogl2it’) +

“pr3*exp("sumlogl3it’) + “prd*exp("sumlogl4it")
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The above line computes the value of the followuntction:

logL, = Iog{;(ﬂm |i| I (7%, )U}

Where “prl, pr2,..,pr4d compute the values ofz,rn,,...,7;, parameters in the

likelihood function.

The longitudinal database employed in this estiomatimplies that within-panel
observations are not independent (that is, do ne¢tnthe linear form estructure).
Therefore, the estimation program firstly must cobepthe log-likelihood value for

each individuali = 1,2,...,N . This is achieved by computing the log-likelihoadue for
each time periodt =12,....,T. when each individuali is observed, and finally by

summing (usingmisum command) these values to compute the contribubbn

individual i to the likelihhod function.

4.4. Functional form of first order derivatives conposing Gradient

vector

4.4.1. Exits from unemployment state

Since unemployed workers face two different conmgetisks, | have to estimate two

vectors of BY coefficients in the unemployment equation. Thatss :{ﬁ‘”,ﬂ“"},
where 8“7 is the vector containing the coefficients assedato the covariates that

affect to the exit from the unemployment state tmsa temporary contract, ag@® is

the vector containing the coefficients associatetheé covariates that affect to the exit
from the unemployment state towards a permanentan For the sake of notation

simplicity, | consider that the baseline parametefS and 1“7, are included within

vectors BT and BF , respectively.

The generic algebraic expression for the first prderivatives of each3” vector

parameters takes the following form:
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0 |Og L Zilloghtj i , 0 |og|ltJ . 0( -ltJDU ﬂUDU + kUDUﬂLlJJj )
o™ g +k™pY ) B>

J

Where D, contains two specific destinations from unemplogtngtate: a temporary
employment (T), and a permanent job (P). ThID§,:{T,P}. Therefore, we estimate
two different parameter vectors specific to eadhfexm unemployment state5”" and

ﬁUP )

dlogL

(3,8—”'3“ is a k,x 1vector, wherek,, is the number of covariates included in the equati

of unemployment exits (the baseline parameteralaceincluded irk;, ).

The estrategy followed to compute the values ferfitst order derivatives with respect

to the vectors B’ ={".p"} (where B =(p", ZUT,...,,BKL:T) and

logL

o In several

L° :( LB EUP)) is to decompose the expression givena

pieces. Then, using thelvecsumcommand, the program computes the derivatives
values for each of the four mass-points of the likgithood function. Finally, the

program joins these values in a unique vectoredatibeta'b” , that will contain

the derivatives for eacjp” = {,BUT ,,BUP} in the unemployment equation.

The Stata programming code to replicate these taskshe following estructure:

forvalues b=1(1)2 {

forvalues j=1(1)4 {
tempname gbetal'b' '

mlvecsum “Inf' “gbetal’b’_"j" = (1/°Li")* prj" *exp(“sumlogl’jit)* dlogl’j'itxb1 b" ,

}
tempname gbetal'b'

mat ‘ghetal’b" = ( "gbetal’b’_1'+ "gbetal’b’ 2' + ‘gbetal’b’_3'+ ‘gbhetal’b'_4')
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The main structure of the above code lines is basédo loops: the first loop, defined
by the local macrd3=1(1)2{[}], iterates over the two destination states spetifithe

exit from the unemployment state. Thereby 1 refers to the exit from unemployment
state towards a new temporary contrddi, ; and b= 1refers to the exit from the
unemployment state towards a new permanent contsétt The second loop, defined
by the local macrq =1(1)4{}), iterates over the four mass-points of suppotuited in

the likelihood function.
The computation strategy is based on the deconmmosif the functional form of the
first order derivatives given b%%, with D, ={T, P}. Thus, the program splits the

expression of derivatives in four main pieces, ezfclthich matches with the analogous

pieces of algebraic form e%%. Then, the program computes the following parts:

1.(1/LiY) is a temporary variable that matches WEﬁhof (;;)—U%!‘ .

e . e exdpj) :
2.°prj is a scalar that matches with) = ——,————, con j=1,2,3,4.

1+Zexp(pj)
i=1
3. exp(‘sumlogljit") IS a temporary variable that matches with the ealu
img'i{
given by | e= . In this case, due to the panel data estructureuofestimation
img'ig

sample, the component given by takes the same value for all quarters
t=12,....T, of each individuai .
4. “dlogl’j'itxbl™b" is a temporary variable that matches with the e/gjiven

)
dlogl; \ for each quartett =12,....,T. of each individuali. This

i Py ) '

. dlogl)
temporary variable computes the value that takes i
porary p a‘()‘(}tJDU B9 + kU0 Y

uj

) for each
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. dlogl/ . . I .
observationit . —¢ 1 \ is the first order derivative of the log-likelihdo
0( _ltJDU 'BUDU + kUDU,7U )

uj

function for observation it respect to the linear combination given by
(XUDU L™ +kUDU/7ffj ) Where(xUDU LY+ kUD“/yffj) is the result of the matrix product of

uDy,

row vector x”™ and column vectog"™ , plus the scalar product given kVD“/yffi :

The mlvecsum command computes the value gbetal'b' 'j" " for each

observationit , and multiplies that value with the result of thertial derivative given

a( ‘LIJDU IBUDU +kUDU,7LtJJj)

by G , whose result is the value for each observattotaken by
g~

the explanatory variables included in the spedificaof the unemployment hazard rate,

that is x> .

Finally, 'gbetal b" is a vector that stores the value of first ordmtipl derivatives

of the total log-likelihood function respect to Bag from the sets" :{,BUT, ,BUP}

included in the unemployment equation.
4.4.2. Exits from employment state

Similarly to the previous Section, the generic btgé&c expression for the first order

derivatives of each3® vector parameters takes the following form:

alogL _ii Z - eglogliJ TZI ) alogllg \a( 'tEDE,BEDE +kEDE,7§)
OIBEDE S| S i t:la( _tEDEIBEDE +kEDEI7:) aﬁEDE
with e =" 1=13

bo|2if j=2,4

Where D, contains three specific destinations from emplaymestate: an
unemployment spell (U), a temporary employment &R a permanent job (P). Thus,

D. ={U,T,P}. Therefore, we estimate three different parame¢etors especific to

each exit from employment statg™ , B and 8.

" “gbetal’b'_j" is a temporary variable composed of the productth&f four arguments
explained above, that stores the total computegevabr each observatidt .
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dlogL

Wherealg—UDE is akgxl vector, wherek. : number of covariates include in equation of

employment exits (the baseline parameters areratdaded ink ).

The computation of first order derivatives respetct the set of vectors
ﬂE :{ﬂEU,ﬂET,ﬂEP}' Where eaChﬂEDE = (ﬁOEDE! 1EDE|"') kEeDE)) Wlth DE :{U ITIP})

using the Stata programming language is implemeatalogously to the previous
Section. The programming code is also based innbam loops. The first loop iterates
over the number of destination states faced by &rsrin the employment staté €1
for exit to unemployment stat&U ; b= 2 for job-to-job transition to a new temporary
contract, ET ; and b= 3for job-to-job transition to a permanent contrd€E ). And the
second loop iterates over the number of mass-pofrdapport defined in the likelihood
function.

4.4.3. Unobserved heterogeneity components affeginnemployment exits

dlogL _ &1 2l (I 9logl)
SV IIEE Dy

= on

dlogL _ {1 (< dlogl!
TR DAL (Z—ﬁij

= on;

dloglL _ ZN: 5y ilogli{ i ~ dlogl] ‘ a(>¢Du L + k“DUnl‘fj)
S0l 4% + k) ok

alog L _ ZN:i Z . etz_ll“loglig i ) 5|09|.t’ ‘ a(XiLtJlDullgulDul + kU1DUl,7lLJJj )
akulDul i=1 LI i=1234 J & la()(iLtJlDU:lﬁUlDUl + kUlDull»]tJj ) akUlDUl
with D,, ={Tr,T,P}
lif j=1,2
Whereu, = I_ J_
b |2if j=3,4
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Where U, denotes the first non-employment episode thas listn age 16 up to the
entry to the labor market, aiy, contains the three types of labor contracts byclwhi

individual may enter to the labor market: 1) ariiag contract,Tr (treated group of
workers); 2) a temporary contrad, (control group of workers); and 3) a permanent

contract, P (the absorption state). Hend®,,, ={Tr,T, P}.

OologL odlogL odlogL an dlogL

) , are scalars.
afyf 6/75J ok ok [P

4.4.4. Unobserved heterogeneity components affegiemployment exits

t=1 a’71E

dlogL _ 1 2ol |( T dlogl )
Vs b Ll v

dlogL _ 1 2ol (I 9logl
2| 2 m|e” [Z—g j

on i L | j=24 = on,
6I0gL _ ZN:i Z . elzzlllogli{' T; , aloglltj \ a( _tEDEIBEDE + kEDE,7eEj)
Ok EPe ~ L |,5 j et a( .tEDE ,BEDE + KkEPe ’7eE,) Ok EP=
1lif j=1

with e =4 ! 3

bol2if j=2,4
With D, ={T,P}, sincek®™ =1.
a(;c;gEL , 6(;(,)79EL and%:f—E%EL are scalars.

1 2

4.4.5. Probabilities associated to mass points

wherem= 123

= op,,

alOgL N 1 z e;logh{ (a]TJJ
P, iz L | 1234
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epm

m =—— and 7, = =1-m—-m, -t
mT 1+ Zepm “ T zepm 2 3
m=12,3 m=12,3

4.5. Functional form of second order derivatives anposing Hessian

matrix

4.5.1. Exits from unemployment state with exits from unemployment state

™ op™ &L a,e“Dua,eUDu =12 9" 9p"™

0°logL 1 Z1 oL aL

Where D, contains two specific destinations from unemplogtngtate: a temporary

employment (T), and a permanent job (P). THdg,={T,P}.

d%logL
S os

of unemployment exits (the baseline parametersalaceincluded irk,, ).

is a k,xk, matrix, wherek,: number of covariates included in equation

For example, to compute the values of submatrimnftbe Hessian that corresponds to

the second order derivative of column vec@t =( BT ;’T) respect to the
same column vectorg"" = (,B , . ,i”) the algebraic expression of this

derivative takes this form:

9”logL ii 2i &1 o0y aL
a ,BUT e~ L e~ I—|2 aIBUT aIBUT

The strategy followed tocompute the value of thesivtive is to split the expression

d°logL

aZﬁUT

given by into several components. Thus, the Stata progragicode has the

following structure:
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tempname d2Lixb11dxb11

mimatbysum “Inf' "d2Lixb11dxb11' “a' “dLixb11', by

forvalues j=1(1)4 {

tempname d2Lixb11dxb11l 17}

mimatbysum “Inf' "d2Lixb11dxb11 1" "b’j" “dlog

tempname d2Lixb11dxb1l 27}

mimatsum ‘Inf' “d2Lixb11dxb11_2"j" = (1/°Li')*'pr

eq(1,1)

}

tempname d2xb11dxb11l

mat “d2xb11dxb11' = ( "d2Lixb11dxb11l" +

"d2Lixb11dxb11_11'+ “d2Lixb11ldxb11_12'+ ‘d2Lix

"d2Lixb11dxb11_21'+ “d2Lixb11ldxb1ll_22' + “d2Lix

($ML_y1) eq(1,1)

Ijitxb11', by($ML_y1) eq(1,1)

‘J"*exp("sumlogl’j'it)* d2logl'j'itxb11dxb11'

it
bl1ldxb1l 13+ ‘d2Lixblldxbll_14' + ///

blldxbll 23 + ‘d2Lixblldxbll_24')

‘a

is a temporary variable that takes the valueli—Lpfor each individual (each panel)

in the estimation sample. Thus, the first line usdmatbysumcommand to compute

the value of the expression given by

oL, adL

for each individuali . And this is

aﬁUT aIBUT

achieved by multiplying the temporary variabée with the values from the partial first

order derivative given b%% :

The loop j =1(1)4 {.} iterates over the number of mass-points of suppad computes

2

for each mass-point, taking into account that ekpression

the value offw
. °L, . . : .
given by 25 Is decomposed into the following structure:
071 |z
aZﬂUT = i ﬂUT +l7 ) aﬂ

RPN b

i :24: > logly ) :Za( 6Iog(|j) ( BT +n} )J(TZ 0'Og(li£) a(XiLtJTIBUT +/7§J)

s a(XiLtJTﬁUT +,7Jp ) aﬂUT

=1 t=1 az(XiLtJT,BUT +’7Ju)
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Finally, temporary matrixd2xb11ldxbll' computes the values of all second order

derivatives from the cross of column vecig" = (,85” T ,i”) with row vector

,8“T=(c‘)”, T ,i”) and stores them in an only matrix. Therefore

‘d2xb11dxb11l" is a squared matrix ok, xk, order, wherek, is the number of

covariates included in the specification of unergpient hazard rates.

The programming code to compute the second ordevatiges respect to the cross
between the rest of vector8 is implemented analogously to the previous Section
Therefore, for the sake of brevity, Sections 4338.2.3.3 will be show the algebraic
expressions of the derivatives, without detailstlo® implementation using the Stata

programming language.

4.5.2. Exits from employment state with exits fronemployment state

OIBEDE OIBEDE - f EDE OIBEDE - flz OIBEDE OIBEDE

0°logL ZN:1 0°L N1 oL aL

Where D, contains three specific destinations from emplaymestate: an
unemployment spell (U), a temporary employment énd a permanent job (P). Thus,
D. ={U,T,P}.

0°logL

W is a k,xk, matrix, wherek,: number of covariates include in equation of

employment exits (the baseline parameters araeratfaded ink,).

4.5.3. Exits from unemployment state with exits fromn employment state

0°logL &1 1 oL dL
aﬁUDUaﬂEDE _Z_]_:L aﬂUDUaﬂEDE Z

L2 aﬂEDE O,BUD“
with D, ={T,P}, andD, ={U,T,P}.

75 Kk, also includes covariates that capture duratiordeence, denoted”" (j) .
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d°logL
Py

equation of unemployment exits, akd: number of covariates include in equation of

is a k,xk, matrix, wherek, is the number of covariates include in

employment exits.

4.5.4. Exits from unemployment with unobserved hetegeneity components

affecting unemployment exits

0°L, N1 oL oL

0p™on)  F L7 an) op™

With u={12} andD, ={T,P}.

B ok T & TW _,Z L2 9k”® 98"

_0%logL il 0°L N1 oaL,  aL

with D, ={T,P}.

d%logL 9% logL 9”logL
a,BUDU a”JL-J ! aﬁUDU 6/72 ! a,BUDU akUP

covariates include in equation of unemploymentsexit

are k,x1 vectors, wherek,: number of

To compute the second order partial derivativeabfirin vector given by, for example,
[T = (,B . ) of k,x1 order, respect to the parameter that captures the

unemployment unobserved heterogeneity componerfyfoe | individuals,7,’ (that is

a scalar), the program works similarly that in 8tctt.3.1. Thus, | split the expression

2

0°logL
0B ony

of these pieces separately. Finally, the all comport values will be join into a unique

given by into several components, and then the program atesfhe values

vector of k,x1 order, that represents the Hessian submatrix gnavides the

computation values of the second order partiavdéxie given by%

The programming code has the following estructure:
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tempname d2Lixblldetaul

mimatbysum “Inf' "d2Lixblldetaul' "a' "dLixb11' “dL ietaul', by($ML_y1) eq(k',’I)

forvalues j=1(1)2 {

}

tempname d2Lixblldetaul_1'j'

mimatbysum “Inf' "d2Lixbl1ldetaul 1°j" "b’j" “dlog I'j'itxb11' “dlogl'jitetaul’ , by($ML_y1)
eq(k,’I)

tempname d2Lixblldetaul_2'j'

mimatsum “Inf' “d2Lixblldetaul_2'j" =
(A7 Liy* prj"*exp(‘sumlogl’j'it)* d2logl'j'itxb 11detaul', eq(k',’l)

tempname d2xblldetaul

mat “d2xblldetaul' = ( “d2Lixblldetaul’ + ///

‘d2Lixblldetaul_11'+ “d2Lixblldetaul_12'+///

‘d2Lixblldetaul_21'+ “d2Lixblldetaul_22')

N
The first line usesnimatbysumcommand to compute the value E 10, dL

=12 ony 0p"

where "a' is a temporary variable that takelgfor each individuali =212,...,N.

Temporary variable "dLixb11' computes the valueegilby G(EET (that is the first

order partial derivative of the log-likelihhod furman respect to column vector

,BUT:(,BluT, S s I:T)') for each observationt =12,...T, of each individual

i =212,...,N. And, ‘dLietaul'is a temporary variable that cotepuhe value of the first
order partial derivative of the log-lokelihhod fuiom respect to unemployment
unobserved heterogeneity component for Type | iddads, 77, . This is gievn by

oL,
on,

The following part of the programming code is estuved in a loop that ranges for

j:1(1)2{-}, since the unemployment unobserved heterogeneityponent for Type |

individuals, 77, , is present only in the first and the second nuasst of the likelihood

function.

135




In this loop, the program computes the values ef ghcond order partial derivative

d%logL
op"on,

components in order to compute more efficientlyugh

—22; . e;mg( ) [Zalog(lj)j(z alogll))  a(xT BT +pY )j

aﬁ“am = o’ NGB +nl)  opU

given by taking into account that this expression is edlitin two

+ZZ: i e:zillog(hé) L azlog(litj) a(x}t”,B“T +/7f)6( yodlindl +/71)
" SolxT B +n) oy 0B or;

=1

Finally, temporary matrixd2xblldeaul' contains the all previous computati@msl

takes the submatrix from the Hessian that comphtesecond order partial derivatives

d° logL

of the total log-likelihood given byilgma U

4.5.5. Exits from employment with unobserved hetegeneity components

affecting employment exits

d’logL _ &1 9L _ZN:i oL, oL
0p™0n; L 0B ™on; ‘T an; op"*

with e={12} and D, ={U,T,P}.

0°logL N1 9L 1 aL aL
aﬁEDEakEDE Zzllf EDEakEDE ZLZ 9k EPe aIBEDE

Where destination fok®'s parameters are onlp. ={T,P} , sincek™ = 1

0 logL 9% logL

an are k_x 1vectors, wherek_ : number of covariates include
aﬂEDEanf aﬁEDEakEDE ke e

in equation of employment exits.
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4.5.6. Exits from employment with unobserved hetegeneity components

affecting unemployment exits

0°logL _ZN:1 Z1 L aL
op™=an; “FL aﬁEDEaﬂu L7 dn, 0B~

O,BEDEakUP — f EDEakUP — L‘? okYP O,BEDE

dloglL 31 L d1ay aL

with u={12} andD, ={U,T,P}.

9% logL and 9% logL

_— —————— are k.x 1vectors, wherek,: number of covariates include
aIBEDEa”llJJ aﬁEDE akUP ke

in equation of employment exits.

4.5.7. Exits from unemployment with unobserved hetegeneity components

affecting employment exits

(0%logL _h1 0 9cL N1 9L aL
ap™ant Z:;‘f “D“ane &S Zopf op™> Wi e=lid and

D, ={T.P}.

9%logL _ZN:1 %L, _21 oL oL

aﬂUDUakEDE - i:1fiaIBUDUakEDE Lz 9k EPe aIBUDU

Where D, ={T,P}, and destinations fok®'s parameters are onl. ={T,P} since

k™ =1.

d%logL d%logL
UD, g E and UD, gED
9p"™ an: 98" gk =0

are k, x 1vectors, wherek, : number of covariates include

in equation of unemployment exits.
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4.5.8. Unobserved heterogeneity components affeginnemployment exits

’logl _dh 1 9%L W1 4L aL

o EL o Flon o] W=t

°L &1 4L oL

0%logL :ii v 1
on'on, 4L onion, I Lon; ony

’logl, _ 1 0%l _ZN:i oL oL
onYok” L antok™ &1 ok ol

with u ={12}

2 2 2
° lO%L’ 0 Lljogt nd 0 UlogLIJ_P are scalars.
°n,  0n, 0n, an" ok

4.5.9. Unobserved heterogeneity components affegjiemployment exits

azlogL:ZN: 1 0%, ‘ZN: 1 aL, aL

%nE  GLoE G Lanfont

With e={12}.

onfonE  SL onfant <12 ant ant

9%logL _ ZNll °L, &1 4L aL

0%loglL, ii 0°L, 1 aL oL
AnEoKEE &L anfoke S 12 gkEe gt

With e={12}, and destinations fok®'s parameters are onhD. ={T,P} since
k= =1.

d°logL 0%logL d”logL
> =g, ¢ and——— are scalars.
0°ne 0o, 0ok
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4.5.10. Unobserved Heterogeneity components affex unemployment exits with

Unobserved Heterogeneity components affecting emplment exits

%logL _ &1 9L Zl oL oL
on’onE S anlont S 12anton’

with u={1,2} ande={1,2}.

0%logL _ -1 _Zl oL, oL,
ook &L 0/7u kEDE L? 0k™> an’

With u={12}, and D, ={T,P}, sincek™ =1.

0%logL 0 9° logL

a are scalars.
on, ong 07, Ok =

4.5.11. Unobserved Heterogeneity components affexy employment exits with

Unobserved Heterogeneity components affecting unergyment exits

0%logl; ZN:i 0°L, -1 L oL
onEok?  “~L 9 EakU P &2 kU P ant
With e={1,2}.

m is a scalar.

a”EakUP

4.5.12. Exits from unemployment with unobserved Hherogeneity components
affecting the access to the treatment

0°logL _ZN:1 Zl oL aL

a,BUD“ Ok Y:Pus e |_ a,BUD“ akUle |_2 Ok YiPus a,BUD“

with D, ={T,P} andD,, ={Tr,T,P}.
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2
logL . : : .
% are k,x 1vectors, wherek, : number of covariates include in equation of
aﬂ uak 1Mu1

unemployment exits.
4.5.13. Unobserved heterogeneity components affei unemployment exits with

heterogeneity components affecting the access teettreatment

N1, &1 AL oL

d’logl, _ -1
anDoKUD T S gpuak it &2 gk g

with u={12} and D, ={Tr,T,P}.

d%logL

——=__ are scalars.
0,73 akulDUl

4.5.14. Unobserved Heterogeneity components affewi employment exits with

Unobserved Heterogeneity components affecting theeess to the treatment

N1 9L N1oaL oL

_0%logly _ y1l oL 1
onsok ™ =L anSokr & 1P ok ot

with e={12} andD,, ={Tr,T,P}.

0%logL,

————=_ are scalars.
OﬂfakulD“

4.5.15. Unobserved heterogeneity components afferdithe access to the treatment

N1o9L, &1 oL aL

d°loglL _ y1
KU T &L KU &2 kU akYT

N9, L1 oL aL

d°loglL _ 1
aZkulT — I—i aZkUlT — I—|2 akulT akUlT

N 1oL oL

0°logL _ &1 9°L
aZkUlP ; Li aZkulF’ ; I—|2 akulF’ akulP
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?’logL &1 o%L N1 oo oL

KT oK UT :lf kYT gKUT iﬂfizakulT oKV

0’logL _ &1 9L ,
akUlTrakUlF’ — L kUlTrakUl = kU 1P akUlTr

S
212

9%logL :ZNli 9°L _ZN:i oL oL
OKUTOKYP &L okUToKY® & L7 9k okYT

0°logL 0%logL 9d%logL  a8”logL 9°logL 0°logL

aZkUlTr ! aZkUJ aZkUlp ’akUlTl’akUlT ’akulTrakUlp an akUlTakulp are Scalars
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