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Abstract

In the Netherlands, students who want to become a medical specidist
have to enrol in a training program which is in limited supply. During
the search for a position as trainee (or “junior medical specialist”),
they may accept a temporary job as a medica assistant. We use a
micro dataset to investigate whether such work experience increases
the probability of becoming junior medical specidist. To dea with se-
lectivity, we simultaneously model the transitions from unemployment
to trainee, from unemployment to medical assistant, from medica as-
sistant to trainee and from medical assistant to unemployment. We
find that work experience helps to become a medica specialist.
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1 Introduction

Since the lae 1970s, the econometric analyss of duration variables has be-
come widespread. In the case of unemployment durations, the instantaneous
probability of a trangtion from unemployment to employment is edimated
as a function of individud characterisics as wdl as the dapsed durdtion it-
sdf (see Lancagter, 1990, Devine and Kiefer, 1991, and Van den Berg, 1999,
for surveys). Some recent studies focus on the effects of training and other
labor market programs. To estimate such an effect, one has to ded with the
posshility that enrolment into the program is sdective. In the case of non-
experimenta data, a solution to this problem is to modd both the process
by which unemployed enter the program and the process by which they en-
ter employment (see Gritz, 1993, Bonnal, Fougeére and Sérandon, 1997, and
Abbring, Van den Berg and Van Ours, 1997, for examples).

This paper andyzes particular aspects of the medicd education system
in the Netherlands, usng techniques smilar to those in the literaiure on
the effect of traning on unemployment duration. The medicd education
system congists of two successive stages, and, as we shdl see below, we focus
on the duration between these two Stages. The fird dage is an extended
undergraduate program. Upon completion of this the individud obtans a
degree comparable to a Magter’'s degree. The officia title of this degree is
basic doctor. A basic doctor who decides to leave the educational system
is only dlowed to work in a limited range of medicd jobs For example,
he is not dlowed to work as a physcian or as a surgeon. He is however
adlowed to work as a medical assistant: in such jobs the individud assds
medicd specidids, but he does not receive any deliberate training or further
education. Work experience as a medicd assgant does not result in any
quaification or degree. However, as we shdl see beow, it may faclitate the
inflow into the second dage of the medicd educationad system.

The second stage of the system concerns the education to become surgeon,
gynecologist, physcian (family doctor), etc. This education is provided in
tranee pogtions in which the individud is supervised by medicd specidists
for a number of years We refer to an individud in such a pogtion as a
junior medical specialist.! Formaly, these postions are temporary jobs. The

1The literal translations of the Dutch terms used to denote medical assistants and junior
medical specialists are: “assistant in medical science not in education” and “assistant in
medical science in education”, respectively (the corresponding acronyms are AGNIO and



individuals peform regular work and they recelve a sday. The number of
these pogtions is limited by the government and by communities of exising
medicd specidists, and the demand usudly exceeds the supply by far. In
order to become a junior medica specidist, one generaly has to gpply for
a podtion, and the application procedure resembles that for standard job
applications. For sake of convenience, we refer to the indtitutions that decide
on the gpplications as the employers. After completion of the second sage,
the individud is a medicd specidig.

We ae interested in the determinants of the rate a which individuas
become a junior medicd specidis, or, equivdently, the duration of search
for a pogtion as junior medicd specidid. In particular, we examine whether
work experience as a medica assstant increases the individud trangtion
rate to junior medicd specidig jobs. At firgd dght it may seem unlikdy that
there exiss any work experience at dl that is vauable as a preparation of
junior medicd specidist jobs, given that junior medicd gpecidists acquire
expert knowledge that enables them to decide on matters of life and death
on a regular bass, whereas basc doctors do not. However, working as a
medicd specidig involves many other kills, incuding diagnogtic testing and
socid kills, and these may be learned to some extent in medicd assdant
jobs. Thus. medicd assgant jobs may dlow the individud to acquire some
additiond ‘human capitd.

There are a least two other reasons for why an employer may prefer to
hire workers who have worked in medicd assgtant jobs. First, having had
such a job may be informative on the ability and interests of the individud.
The employer of the medicd assstant job decided that the individud was
qudified for that job, and, by having accepted the job, the individud dSgnds
that he is interested in a medicd career. The employers of the junior medica
specidist jobs may then use medical assstant jobs as a screening or signalling
device. This may sort individuds with work experience into junior medica
Soecidist jobs (see Weiss, 1995, for a recent overview of the underlying theory
of sorting) Yet another explanation for an effect of work experience is that
the later enlarges the socid network of the individua within the medicd
world, and this may make it eeder for an employer to edimae the quality
of the individud as a junior medicd specidid.

If work experience has a pogtive effect, then it is interesting to examine

AGIO). These terms were adopted in the 1980s because of their resemblance to the term
“assistant in education” (acronym AlO) which is generally used to denote PhD students.
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whether the sze of the effect depends on the amount of work experience. If
work experience as a medicd assgant increases human capitd or enlarges
the rdlevant socid network then the effect should increase with the amount of
experience. If the presence of any work experience acts as a sgndling device
then it is less obvious that the effect depends on the amount of experience.
Employers may adso use the duration of a medicd assgant job and the
length of time since graduation as a badc doctor as screening devices. In
the former case, a job with a long duration sgnds saisfaction of the firm
a which the individuad works, so the expected effect of the duration of the
medicd assdant job is podtive, and this may explan any postive duration
dependence of the trandtion rate from medicd assstant to junior medicd
oecidid. In the later case, individuds with a high dapsed duration snce
graduation as a basc doctor may become gigmatized, and this decreases
ther inflow rate into junior medicd specidig jobs. This is bascdly the
dandard argument for negative duration dependence of the trandtion rate
from unemployment to employment. If the model does not contain the eapsed
duration since graduation as a basic doctor as an explanatory variable for
the trangtion rate from medicad assdant to junior medica <specidist then
this shows up as negative duration dependence of this trangtion rate.

The chances to become a junior medica specidis may be reaed to
the year in which the student became basc doctor, eg. because the size of
the inflowing cohort varies over the years or because the number of junior
medicd specidist jobs varies. The chances may adso depend on the university
a which he graduated. Findly, persond characterigics of the sudent, like
age, gender, and duration of undergraduate study, may be important. All
these characterisics may aso interact with the sze of the effect of having a
medicd assgant job on the chances to become a junior medical specidigt.
For example, the effect of having a medicd assgant job may be smdler
for dudents froma paticular universty if the curriculum of that universty
includes a lot of work experience during the education. The data do not
enable an assessment of the effect of wages on the trandtions, but this is not
a sious omisson as there is dmost no variation in wages across medica
assgant jobs and across junior medical specidist jobs.

Our data are from a 1990 survey in which individuas who became basic
doctor in 1984, 1986, and 1988, were asked about their labor market history,
incduding any trangtions into and out of medicd assgant jobs and junior
medicd specidist jobs. We use thee data to estimate a multi-date multi-



el duration modd. We didinguish between the dates of unemployment
(which includes having a job outsde of the medica sector), having a medicd
assdat job, and having a junior medicd specidist pogtion. The trangtion
rates of importance are modelled as functions of observed and unobserved
explanatory variables. Note that dlowing for variation of observed and unob-
served explanatory variables is necessary in order to correct for a non-random
inflow into medicd assgant jobs. If individuds for whom it is easy to become
junior medicad specidist ae dso over-represented among medicd  assigtants
then a casua observer may conclude that there is a podtive causal effect
even if in redity there is none

As noted above, our framework resembles the mode framework used in
some recent non-experimental studies on treatment effects for unemploved
workers. To date, there is not yet much experience with the empirical anaysis
of treetment effects on duration variables, and our anayss contributes to this
recent literature (see Van den Berg, 1999, for a survey). Note that there Is a
crucid difference in terminology between the treatment effect literature and
the present paper, as we consider the effect of work ezperience for individuals
who ectudly am a geting traning (dbet in a job tha goes alonz with
the training). Our sudy thus shows how to estimate a “treatment effvc t™ of
work experience on the inflow into an advanced study program. using da: a
on durations spent in different dtates and trangtions between these states.
The modd, which is bascaly a mixture of semi-Markov processes. allows for
different “trestment effects’ for different individuds

One paticular advantage of our data is that they do not suffer from ini-
tid conditions problems. This enables condstent edimaion of multi-gate
duration models under relatively wesk assumptions (compare eg. the com-
plications encountered by Ham and LaLonde, 1996, and Van den Berg, Lin-
deboom and Ridder, 1994). Further, for some respondents the data contain
multiple observations per spdl type This gregly facilitates the identifica
tion and edtimation of the joint digribution of the unobserved heterogenety
varidbles entering the trandtion rates (see eg. Honoré, 1993, and Van den
Berg, 1999).

The plan of the paper is as follows. Section 2 provides some additiona
information on the Dutch medicd education sysem. Section 3 contans a
brief theoretical discusson of the search behavior of an individud in the
specific labor market we consider. Section 4 presents the data, and Section 5
discusses the econometric model specification we use in the empiricd anayss.




This accounts for the possble endogeneity of the medicd assgtant job as an
intermediate dage between undergraduate education and a junior medica
specialist. Section 6 contains the estimation results. Section 7 concludes.

2 Flows in the medical education system

As noted in the introduction, the Dutch medica education sysem condsts of
two successve stages, and the inflow into the second stage is restricted by the
rationing of available dots. Basc doctors (i.e, those who have finished the
fird stage) may go from the first to the second stage by way of other labor
market dates, like unemployment, or having a temporay job outsde the
medica sector. Many basic doctors, however, work for a while as a medica
asdant and in the meantime search further for a junior medicd assgant
job. Figure 1 shows three typicd routes from the moment one becomes a
basic doctor to the moment one becomes a junior medica specidist. Firs,
a badc doctor may work as medicd assgtant until a job as junior medica
ecidis is found. Second, a basc doctor may immediately start as a junior
medicd gpecidis, without an intermediate medicd assstant job spel. Third,
a basc doctor can move from unemployment to a medicd assgant job,
subsequently drop back into unemployment, and then findly enter a junior
medica specidist job.

About 90-95% of the basic doctors find a job within one year after fin-
ishing the first stage. So, a firg gght, the labor market pogtion of the basic
doctors may seem to be not so bad. Indeed, the unemployment rate among
al doctors (including basic doctors and medica pecidists) was about 6%
in the second hdf of the 1980s. However, the vast mgority of the basic doc-
tors am a becoming a medicd specidis (recal that this term here includes
physcians), and the mere fact that a basc doctor is employed is not infor-
mative on whether he is a (junior) medica specidis. During the second haf
of the 1980s, the annud outflow from the firg dage of medica education
was about 1500-1600. This number exceeds number of avallable postions in
the second dage of the education system. The annud inflow into medica
specidist jobs fluctuated around 1100 during that period (it decreased from
about 1200 in 1985 to about 1000 in1990), and the average waiting time for
the latter type of jobs was quite long. The number of medica assstant jobs
increased from about 500 in 1985 to about 800 in 1990.

There are bascdly three types of junior medicd specidist jobs, each of
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them corresponding to a paticular type of medicd specidist job. The firs
type concarns phyddans, with an annud inflow of 400 into the junior medi-
cd specidist program. The second type concerns medica speciaists proper
(surgeons, gynecologists, psychiatrists etc.; there are about 30 different spe-
cdiang), with a totad annua inflow of about 500. The third type concerns
“socio-medicad  doctors’, which mainly work for insurance companies, with
an annud inflow of about 200.

3 Search for jobs in the medical sector

Like in unemployment duration modds the individud trandtion rates ae
the foca points in our modd. According to job search theory, the trangtion
rate from unemployment to employment is the product of the rate a which
the individud recelves job offers and the probability that such an offer is
acceptable to the individud (see eg. Mortensen, 1986). The rate at which
job offers arive depends on the intengty by which individuas and employers
search, on the matching technology, and on the probability that an employ-
e offers a job to the individud given that a contact is made. The latter
probability depends on the characterigics of the individud in comparison
to the job requirements. Individuds use a reservation wage draegy: if the
wage offer is equa to or larger than a specific reservation wage the offer is
accepted, whereas if the wage offer is lower than the reservation wage the
offer is rgected and the individua keeps on searching. The probability that
a job offer is acceptable equals the probability that the wage offer exceeds
the reservation wage. More generdly, if a job is characterized not just by its
initid wage, then the individud compares the present utility vaue of the job
to the present vdue of searching further.

Now let us examine the search environment of the basic doctors searching
for junior medica specidist jobs and medica assstant jobs. The correspond-
ing labor maket is actudly quite transparent. Firgt, there is a smdl flow
of vacancies that are being crested, and their existence is probably common
knowledge upon creation. Second, there is no non-degenerate wage offer dis-
tribution, since the darting wage and the subsequent wages in both types of
pogitions are determined by nation-wide rules. It is therefore likely that every
job offer is acceptable for every searching individua. This is of course con-
ditiond on the choice of the type of medicd specidization. Although wage
paths within a paticular type of medica specidization may not be very dif-
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ferent, there are large differences in the long-run wage paths across different
types of medicd specidization.

In our andyds, we ae paticulaly intereted in three trangtion rates
from unemployment to junior medica specidist, from unemployment to med-
icd assgant, and from medicd assgtant to junior medica specidist. From
the above we infer tha these trandtion rates are mostly determined by the
search behavior and sdection drategy of the employer. This means that if
there are differences in the hazard rate across basic doctors, then these reflect
employers  behavior and aggregate labor market conditions (like the number
of agents active on both sdes of the market).

4 The data

The data were collected by the union of Dutch basc doctors (see Commisse
Werkgelegenheid LBB, 1992, for details) in March 1990. From three cohorts
of basic doctors (1984, 1986, and 1988), random samples of 500 each were
drawn from the regiser of medicd practitioners of the Nationd Hedth In-
gpection, These were subsequently surveyed by mail. The response rate is
about 75%. The net sample of 1088 observations is representative with re-
spect to gender (75% men, 25% women) and undergraduate university (there
ae eght universties with a medicd school: the two Amsterdam universties,
Groningen, Leiden, Maadricht, Nijmegen, Rot terdam, and Utrecht). The
data record persond and household characteristics, the respondent’s educa-
tion and labor market higory (incuding trandtion dates), and subjective
responses about preferences.

Table 1 provides some summary datigics of the duration data Like in
the previous section, we diginguish between three labor market dates un-
employment, medicd assgant and junior medicd gpecidis. The fird two
dates are trandtory, whereas the third is an absorbing state. This yidds four
different possble trandtions: from unemployment to medicd assgtant, from
unemployment to junior medica specidid, from medicad assgant to junior
medicd specidid, and from medicd asssant to unemployment. The dHae
of unemployment is defined as a reddud date that covers every dtuation
but medicd assgant jobs and junior medicd specidist jobs. Most impor-
tantly, it includes jobs outsde the medicd sector. As we shdl see bdow, it is
computetionaly unfeasble to didinguish between different sub-dates of this
resdud dae in the modd. Also, recdl that our primary interest is in the
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trangtions into junior medica specidist jobs. Jobs outsde the medica sector
are most likey of minor relevance for the sdection srategy of the employers
of junior medica specidist jobs.

On average, the data contain more than two spells per individud. The av-
erage durdion for completed spels from unemployment into junior medica
specidig jobs is shorter than the average duration of spels from medica as
Sstant jobs to junior medica specidist jobs. However, note that the fraction
of medicd assigant job spdls leading to a trandtion into a junior medi-
cd gpecidig job is much higher than the fraction of unemployment spdls
leading to such a trangtion. It may be interesting to note that, among the
respondents in a junior medica specidist job, only about 20% clamed that
they obtained the postion because of the medicd assstant job they had had
before.

Figure 2 depicts the esimated Kaplan-Meer hazard functions for the
four trandtion rates (the time unit is a month, and the function vaues ae
blown up by a factor 100; note that these blown-up function vaues are ap-
proximately equa to monthly exit percentages). The trandtion rate from
unemployment to medicd assstant (Figure 2a) shaply declines over the du-
ration of unemployment. Many individuds move to a medicd assdant job
shortly after they become basic doctor. The smdl pesk at 16-18 months can
be explaned by the fact tha military service is counted as unemployment.
Some individuds may have fulfilled thar military sarvice right after the mo-
ment they become basic doctor, in which case they are only able to accept
asdstant posdtions after about 16 months.?

Figure 2b digilays the trangtion rate from unemployment to junior med-
ica specidig jobs. This rate is more or less condant, with the exception of
a sharp pesk a 22 months. The remaning pesks are due to the fact that
the number of individuds in the risk set is very smdl. Although the pesk a
22 months occurs somewhat later than the pesk in Figure 2a, it may aso be
due to military service.

The trangtion rate from medicd assgant jobs to junior medicd special-

2Tt can be argued that it is not correct to count military service as unemployment:
in general it is not possible to leave military service for a job before the service time is
completed, so the corresponding individuals have an unemployment exit rate of zero. To
investigate to what extent the results are sensitive to this, we re-estimated the model
under the alternative assumption that military service does not add to the unemployment
duration. It turns out that there is no substantial effect on the conclusions. It should be
noted that military service was only compulsory for a subset of male basic doctors.
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ist jobs is dightly increesng in the eagpsed duration of the job, with pesks
around 12 and 24 months (see Figure 2c). These pesks may reflect the fact
that medica assgant jobs often have contracts with a fixed duration. This is
an interesing feature of the medicd assgant jobs. Even if a job as medicd
assdant is beneficid for one€'s chances of getting an offer of a job as junior
medicd specidist, the observed trandtion rate into the latter jobs may be
low for some medicd assgtants who just started in therr job, because of this
“locking in” property. By comparing Figures 2b and 2c¢ we observe that the
trangtion rate from medicd asssant to junior medicd specidist is higher
than the rate from unemployment to junior medica specididt, for most du-
rations. This suggests that being a medicd assgant does help to become
junior medicd specidist. However, this comparison does not take account of
the sdectivity discussed in Section 1.

The trangtion rate from medicd assstant jobs back into unemployment
(Figure 2d) has pesks at the same points as the trangtion rate in Figure 2c,
with additiona pesks a 3 and 6 months. This probably aso reflects the fixed
duration of the contracts if some medica assgant jobs. Over dl, except for
the peaks, the trandtion rate in Figure 2d seems congtant. We now turn to
a forma datidicad andyss of the daa

5 The model specification

5.1 The transition rates

Let the indices 1, 2, and 3 denote the daes of “unemployment”, “medical
assigant”, and “junior medicd <specidie”. The trangtion rate from date g
to state j is denoted by 6,;. Consder a spell in date i. The survivor function
for survivd in date i can be expressed as

Jj=3 t

Si(t) = eXp (— Z / Gij(s)ds) ) 1=1,2
j=1,j#

We define the censoring indicator d;; to equa 1 if a trandtion into dete j

is mede, with d;; = O otherwise. Suppose we observe m; spdls in date i,

for some individud. We extend the definition of d;; by introducing a third

index k denoting the spel a hand. The log likdihood contribution for this

individua can then be expressed as
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=3
IOgSi(tk) + z dijk logeij(tk)
j=1,j#1

Note that if dijx = O for dl permissble combinaions of ¢ and j then the
corresponding duration is right-censored. The only unknowns in this mode
are the 0;; functions. Note that the likeihood is separdble in the 6;;, « that
they can be estimated separately (see eg. Lancaster, 1990). Below we extend
this modd framework by introducing observed and unobserved explanatory
variables.

Firgd, we dlow the individud trandtion rates to depend on observed
explanatory varigbles, as follows,

0:5(t|x) = Ai;(t) exp(Bi;245)

where J;; is a basdine hazard, 8;; is a vector of state and exit specific par
rameters, and z;; contains some (possibly) state and exit specific regressors.
Note that this defines a proportiona hazard mode framework for each 6;;,
and the likdihood function is Hill separable.

We indude the following explanatory variables in z, for each trangtion
rate. Firs, we have two dummy variables representing cohorts that became
basc doctor in in 1986 (“Graduate&‘) and 1988 ( “Graduate& ‘), so that
the third cohort of 1984 is the reference group. Second, we include age and
gender. The varidble “Age’ measures the age a the dat of the spdl, o it
is condant within spdls but not across spdls for a given individud. Third,
we include the duration of the undergraduate study. Findly, in a preiminary
andyss we invedigaed whether the universty a which the undergraduate
dudy was caried out is an important explanatory variable in the modd.
With the exception of Utrecht, this was never the case. Therefore, we use
one additiond dummy variable for Utrecht. Table 2 provides some sample
datistics for the explanatory varigbles.

The incluson of unobserved heterogeneity dlows for measurement errors
in the dependent varidble as wdl as omitted unobserved covariates, see Lan-
caster (1990). Here we propose a mixed proportiona hazard modd for each
trangtion rate, by introducing multiplicative random effects v;; that are date
and exit specific,

91‘]‘ (t|l‘,7}ij) = )\ij(t) exp(ﬂijxij)vij.

11



For a given individud, the vaues of v;; are assumed to be identical across
different spells in date ;.The survivor function for survivd in date i, given

x and given v = (v12,v13, V21, V23), Can be expressed as

j=3 t
S;(t|z, v) = exp (— > / ()ij(six,vij)ds> , i=1,2
=150
To ded with sdective inflow into the dates “medicd assgant” and “ju-
nior medicd specidis”, we dlow the v;; varigbles to be related for a given
individua. For example, the observed trangtion rate from “medicd assgan
t” to “junior medicd specidist” may be higher than the observed rate from
“unemployment” to “junior medicd specidis” just because individuds for
which it is easy to become junior medicd specidist tend to sdf-sdect into
medicd assgant jobs (for example, vy is pogtivey related to ;3 which in
turn equals we3).
Since v is unobserved, it must be integrated out of the conditiona likdi-
hood. The margind individud likdihood contribution (given z) equals

2 my J=3
og [ TT I1 6 T e aP(o)
Vi=1k=1 i=1,j#i
where F is the cumuldive digribution function of v in the inflow into the
population of basc doctors. In generd, the likelihood function is not separa-
ble anymore in the parameters of the different trangtion rates.

5.2 Functional forms

For the duration dependence functions );;(t) and the multivariate unobserved
heterogeneity didtribution F'(v) we teke the most flexible specifications used
in the literature to date. We take \;;(t) to have piecewise congtant speci-
ficetions Let the pogdtive time axis be subdivided into a finite number of
intervals numbered 1,2, . . . from the origin onwards. The piecewise congtant
gpecification can then be written as

M) = Y Aol (1)

7=1,2,...

where t denotes the eapsed duration, the subscript 7 refers to consecutive
durgtion intervas, the functions I.(t) are timevarying dummy varigbles that
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ae equa to 1 iff ¢ isin interval 7, and );j, ae the parameters to be esti-
mated. Note that with an increesng number of time intervas any duration
dependence peattern can be gpproximated abitrarily closdy. By now it is
well known that duration dependence specifications with only one parameter
(like a Welbull specification) are overly redtrictive (see eg. Lancaster, 1990).
In the empiricd andyss we adopt the following intervds 7: O-l, 1-2, 2-4,
4-12, and 12+, where the month is the time unit.

We take the didribution of the unobserved heterogeneity terms v to be
discrete with a finite number of mass points, and we take both the locations of
the mass points and the associated probabilities to be unknown parameters.
Let p, withn =1,2,. .., N denote probabilities that add to 1, and let v;j,
denote a redlization of the random variable v;,. We assume tha

Pr(Vij = vjn) =DPn for dl ij € {12,13,21,23}

and Vij = Vijn & VUpj= = Upjep for dl 45, *5* € { 12,13, 21, 23}

This family of digributions is specid case of the generd multivariate discrete
digribution  for (vig, w13, ve1,v93). The latter has N possble redizations of
each v;;, while every combination of redizetions of v,; and v;-;- is alowed, so
that the vector v has N* possble redizations. This anountsto N* + 4N — 1
unknown parameters, which is unfessble even for N = 2. In contragt, our
specification has only 4N 4+ 3 unknown parameters. It redtricts the generd
multivariate didribution by imposng a deeminigic rdaion between the
dements of (vya, v13, V1, v23). Note thet the latter relation is not imposed
to be monotone. In the empiricd andyds, we search for the smdlest vaue
of N that gives the highest vaue of the likdihood function, and we report
sandard errors for the other parameters conditiond on this vaue of N.

For given N, the totd number of unknown parameters egquds the sum of:
(a) the number of dements of 3;; (3x) times the number of ij-combinations
(four), (b) the number of parameters A (five) times the number of -
combinations (four), and () 4N + 3 parameters of the specification of F(v),
minus four normdizations. This sum equas 4\ + 47. Clealy, if we would di-
vide the dae of unemployment into a number of sub-states then the number
of parameters would become too large for egtimation.

In the above modd, the effect of a medica assstant job on the individud
trandtion rate into a junior medica specidis. job follows from a comparison
of Ba3(t|z, vo3) and O13(t|z, vi3). If the basdine hazards )\;; v are congtant
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then these trandtion rates are condant over time, and their ratio defines the
change in the rate into junior medica specidis jobs that is due to having a
medica assdant job, for an individuad with a given z and v. Non-constant

basdine hazards take account of the way in which this effect changes over the
durations of the medicd assgant job and unemployment, respectively. The
fact that we dlow for ;3 # G.3 and that we dlow for wvi3/vq3 to be different

across individuds means tha we dlow the individual effect of a medicad
assgant job to differ between individuds. The average effect is obtained by
averaging the individua effect over z, v. As noted above, the extent to which
V19 IS related to v13 and vy3 determines the extent to which sdectivity affects
the relation in the raw data between having a medica assgant job or not
and the rate of entering a junior medicd specidist job.

The modd of this section implies that (properties of) the digtribution
of the the observed durations are quite complicated nonHinear functions of
the parameters. Some caution on identification therefore seems appropriate.
By Heckman and Honore (1989), the parameters of a flexible competing
risks modd with mixed proportiond hazards are identified under wesk con-
ditions. The modd implies competing risks oecifications for the exits out
of unemployment as wel as for the exits out of medicd assdant jobs. The
digtribution of v in the inflow into medicd assgtant jobs is determined by the
digribution of v in the outflow out of unemployment. Note that in both cases
we observe more than in a competing risks model, as the observation window
only ends upon a trangtion into the sate of junior medica specidist jobs
(or because of right-censoring). Moreover, we may observe multiple spdls in
the states of unemployment and medica assstant jobs. Some confidence on
identification seems therefore judified. Also, we have edimated the modd
with the redrictions that (3 = B3 and ve3 = wvy3. This makes the modd
essentidly identicad to that of Heckman and Honore (1989). The edimates of
this modd are ggnificantly different from those for the modd without these
redrictions. However they lead quditatively and dso quantitatively to the
same concusons on the effect of beng in a medicd assgant pogtion. A
formad proof of nonparametric identification adong the lines of Heckman and
Honore (1989) is beyond the scope of this paper.

One could argue that the 6;; trangition rates should be alowed to depend
on the eapsed time since the moment the individua became basic doctor, or
on whether the individua has ever been medicd assgtant, or on other lagged
endogenous vaiables. However, this demands even more of the data in terms
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of (nonparametric) identification. We experimented with the edtimation of
such genera specifications, but it turned out to be impossble to obtain con-
vergence of the estimation procedure to reasonable parameter vaues. We dso
experimented with dternative specifications that do not nest the modd of
this section (eg. by dlowing the transtion rate into junior medica specidist
jobs to depend on whether the individual has ever been medicd assdtant,
but not on any other feasture of the current or past labor market sate). It
turns out that the estimate of the effect of having a medicd assstant job on
the rate into junior medica specidist jobs is robust with respect to this.

6 Estimation results

The parameter estimates are presented in Tables 3a-3c. Table 3a shows the
parameter estimates of the covariate effects, Table 3b shows the estimates of
the basdine hazards, and Table 3c shows the estimates of the parameters of
the digribution of unobserved heterogenaty.

In Table 3awe show edimates for the main modd as well as for a smpler
modd that does not account for unobserved heterogeneity. From the table
we infer that the moded dlowing for corrdated unobserved heterogenety in
the exit rates yidds a congderably higher likdihood than the modd without
heterogeneity. Hence inference on the effects of the covariates and having an
assgant pogtion should be based on the modd dlowing for heterogendty.
Note that some of the estimated covaiae effects differ substantidly between
the two modd specifications.?

We fird examine the trangtion rae from unemployment into medica
assgant jobs. As we shdl see below, such a postion increases the chances
of obtaning a junior medicd specidist job. None of the cohort effects (the
“Graduate’ parameters) is dggnificant. “Age’ is vary dgnificant and negdive,

3We also estimated a model with uncorrelated unobserved heterogeneity in all four
transition rates. For the exit rates out of unemployment, this model yields quite simi-
lar estimates as the model alowing for correlated unobserved heterogeneity, whereas for
the exit rates out of medical assistant jobs there is no evidence of heterogeneity in this
model. At first sight this may be interpreted as evidence that allowing for unobserved
heterogeneity per se is more important than allowing for dependence of the unobserved
heterogeneity terms. However, such an interpretation is invalid, as the models with corre-
lated and uncorrelated heterogeneity are not nested and their likelihood values cannot be
compared.
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S0 this type of trandtion is more likely to be made by younger basic doctors.
Findly, we note tha there is no dgnificant universty (“Utrecht”) effect.

Next we look at the trandtion from unemployment to junior medica spe-
cidist jobs. Here we note that “Graduate g¢” and “Graduate&’ ae dgnificant
and negative. This indicates that junior medicd specidist jobs are harder to
obtain for unemployed in the later cohorts than for unemployed in the firs
cohort. This is probably because of the reduction in the number of junior
medica specidist jobs in the second hdf of the 1980s, but it could aso be
caused by crowding out of unemployed basic doctors by medical assstants.
More and more basic doctors are searching for junior medicd speciaist pos-
tions from medica assdant jobs, leaving less chances for unemployed basic
doctors, if employers prefer the former over the later. “Age’ is inggnificant
in this trangtion.

The trangtion rate from medicd assgtant jobs to junior medicd specidist
jobs is dso lower for later cohorts (the coefficients of both “Graduategs” and
“Graduate g” ae negative and dgnificant). This cohort difference is, however,
of samdler sze than the corresponding difference among the unemployed basic
doctors, s0 medicd assgstants suffer less from the increased shortage of junior
medica specidist jobs than otherwise comparable unemployed basic doctors.
For students from the Universty of Utrecht this trangtion rate is higher than
for sudents from other universties Note that “Age’ is ggnificant. Also,
among medicd assgants of the same age, those with a longer undergraduate
dudy time seem to benefit more in terms of finding a junior medicd specidis
podtion. However, due to the correation between “Sudytime’ and “Age’,
differences in ther effect should be interpreted with caution. Moreover, the
edimated effect of “Studytime’ may auffer from an endogeneity problem,
as unobserved heterogeneity probably affects both the search for a junior
medicd specidis podtion and the undergraduate sudy time.

For the trangtion from medicd assgant to unemployment, only the vari-
dble “Studytime’ is dgnificant at a 5 % dgnificance levd. It is negative, indi-
cding that individuds with a high undergraduate sudy time are less likey
to leave medicd assstant jobs for unemployment.

All in dl, the edtimation results in Table 3a indicate that cohort, age and
gender are important determinants of the process by which basic doctors find
a job as junior medicd specidis. Individuds in later cohorts find it more
difficult to become junior medica specidid, snce both the direct trangtion
rate from unemployment and the indirect trangtion rate via a job as a med-
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ical assdant are smdler than they are for earlier cohorts. The same holds
for older basc doctors, for whom both trangtion rates (to junior medica
goecidis) are smdler than they are for younger basic doctors. Findly, for
femaes both trangtion rates are larger than they are for maes.

We proceed to andyze the leve and dope of the basdine hazards and
the gze of the mean “treatment effect” of having a medica assgant job on
the trangtion rae into junior medicd specidist jobs The edimated basdine
hazard coefficients are given in Table 3b (the table ligs the edtimates of
log AijT). Figure 3 depicts the trandtion rates of interest, as functions of the
elapsed duration, for a person with average sample datisics and average
egtimated v.* The figure shows a dramatic difference between the over-all
levds of two trandtion rates, indicating the difference in the possbilities
of finding a junior medicd specidis job from an assgant postion vis-a-
vis from unemployment. We return to the magnitude of this difference after
having discussed the basdine hazard edtimates. The trandtion rate from a
medicd assgant job into junior medicd specidis jobs is initidly virtudly
zero. This probably reflects some “locking in effect” from minimum contract
durations of medica assdant jobs. Also note that this trangtion rate declines
after 12 months of search. There is a gmilar shap dedline in the trangtion
rate from unemployment to junior medica specidist jobs. Neverthdess, the
fact that the rate from a medicd assstant job to junior medica specidist
jobs diminishes over the duration of the medical assgant job indicates that
accumulation of human capitd is not a mgor reason for employers to prefer
individuds who are medica assdant. For the same reason, work experience
as medical assgtant is not expected to have a mgor effect on the dze of
the socid network that may be used to obtan a junior medica specidist
job. Apparently, the fact that the individud has a medicd assgant job acts
primaily as a (pogdtive) dgnad for employers. The fact that the trangtion
rate decreases may be due to a sigma effect of a high length of time snce the
moment the individua became basic doctor, as hypothesized in section 1. In
addition, the individud may regard a job as a junior medicd specidist as an
invesment, and the shorter the pay-back time of this invesment, the lower
the willingness to make it. Note that this may aso explain the estimated
“Age’ effects above.

Table 4 digplays the size of the mean effect of having a medica assgtant

41f background variables are set to other values then the levels of the transition rates
change.
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job from another angle. It gives the smulated fraction of individuds who
have obtaned a junior medica specidigt job, from a medica assgtant job
and from unemployment, respectively, as functions of the eapsed durations
gnce inflow into the corresponding state. These cdculaions are based on
average vdues of the background characteridtics. The results in this table
confirm that initidly the trandtion rate from medicad assgtant jobs to junior
medica specidist jobs is low. However, after 12 months the proportion of
medicd assdants who have entered a junior medicd specidist job is twice
as large as the proportion of unemployed who have entered such a job.
Table 3c gives the edimates for the unobserved heterogeneity distribution
(it ligs the edimaes of logwv;, and p,). This digribution has three points
of support, so one could imagine three groups of homogeneous basic doctors.
A smdl group of about 2% has very unfavorable prospects in the medica
education system. They have a rddively low exit rate from unemployment
both to medicd assgtant jobs and to junior medica specidist jobs. More-
over, once an individua in this group has a medicd assigtant job, he has
a reaivedy low trangtion rate to a junior medica specidig podtion and a
relatively high trangtion rate back to unemployment. A group of about 18%
has the best prospects for becoming junior medicd specidis. They have rd-
aivey high trangtion raes from unemployment to medicd assgant jobs
and junior medicd specidist jobs. Moreover, their trandtion rate to a ju-
nior medica specidig podtion is rdaivey high and their trangtion rae
back to unemployment is rdatively low. The remaning group of 80% has an
intermediate pogdtion in terms of the magnitude of dl the transtion rates.

7 Conclusions

The man empiricd result of this sudy is tha it is benefidd for individuds
to accept a job as a medica assstant in order to become junior medica spe-
cdig. Having a job as medicd assgant subgtantialy increases the trandtion
rate to junior medicd specidist jobs. The results are corrected for possible
sectivity effects by taking account of unobserved heterogeneity in the indi-
vidua trangtion rates. Without this correction we would have esimated a
sndler “treatment” effect.

From the estimated duration dependence pattern of the trangtion rate
from medicd assgant jobs to junior medica specidist jobs we infer that the
former type of job does not provide much human capitd tha could serve
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as input for the latter type of job. The treatment effect can therefore not
be atributed to accumulation of human ceapitd. Smilaly, being a medicd
assgant does not have a mgor effect on the sze of the socia network that
may be used to obtain a junior medical specidist job. Apparently, the fact
that the individua has a medicd assgant job acts primaily as a postive
ggnd for employers. It indicates that candidates are suitable for and/or
interested in a medical career.

The results indicate that there are strong cohort effects. For individuas in
later cohorts it is more difficult to find a job as junior medica specidist. Both
the direct trandtion rate from unemployment and the indirect trandtion rate
via a job as a medica assstant are smdler than they are for earlier cohorts.
This may be due to crowding out of unemployed basic doctors by medica
assigants, which may be enhanced by the reduction in the number of junior
medica specidist jobs in the second haf of the 1980s.
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Table 1.

Summary datistics on durations.

# of persons | 1088 |
[ # of els 1869 |
| av. duration of -2 trandtions | 6.0 |

av. duraion of L-3 trangitions | 13.7

av. duration of 1-? trandtions 13.2

# of 1-2 trangtions | 682
# of 1-3 transtions | 128 |
# of 1-7 trangtions 1228

a&v. duration of 2-1 trandtions 13.6

| av. duration of 2-? trandtions | 18.6

|
| av. duration of 2-3 trandtions | 17.4 |
|
|
|

# of 2-3 trandtions 199
# of 2-1 trangtions 123 |
| # of 2-7 transtions 641 |
| # of censored spells | 737
Note dates 1, 2, and 3 are unemployment, medical assstant, and junior

medical specidist, respectivey. A question mak denotes right-censoring.

Table 2. Summay datisics on explanatory variables.

Vaiale Description Averag
Graduateg, | | if graduated in 1984, 0 otherwise. 0.34
Graduatege | | if graduated in 1986, 0 otherwise. 0.32
Graduategg | ! if graduated in 1988, 0 otherwise. 0.34
Age age in monthsI20 a the outsst of the spel. 2.85*
Studytime | duration (months/120) spent at university before basic doctor. | 0.81
Gender 1 if femde O otherwise. 0.34

| Utrecht 1 if graduated a University of Utrecht, O otherwise. 0.15

x+ The vaue of this varidble thus varies across spdls.
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Table 3a. Edimation results for covariate effects.

No heterogeneity With heterogeneity

| Vaiable etimate std. error esimae | std. error

Unemployment to medica assdant
Graduate86 [0.313 0.404 0.245 0.484
Graduategg | 0.464 0.201** | 0.395 0.231
Sudytime -0.017  0.052 -0.019 0.046
| Agt -0.301 0.073 -0.300 | 0.075
Utrecht  0.220 0.434 0.197 | 0.256
Gender 0.233  [0.079** [0.250 | 0.096*

Unemployment to junior medicd gpecidist

Graduategg | -0.580 | 0.228** | -0.525 0.266*

Graduategg | -1.160 0.421** -1.034 0.524*

Studytime | -0.050 | 0.083 0.044 | 0.087
- Age 0.055 0.064 0.055 0.076
Utrecht 20.214 | 0.124% 0.188 0.145
Gender 20.123 | 0.267 0.075 0.231

Medicd assgant to junior medicd specidist

~Graduategg | -0.236 0.119** | —0.247 | 0.146%*
Graduategs | -0.961  0.411** | -0.926  0.432**
Studytime | 0.007 0.041 | 0.007 0.042

| Agt -0.737 0.252** -0.750 0.281**

| Utrecht  0.093  0.041%* 0.058 0.041

Gender 0.236 0.122* 0.244 0.142

| | Medicd assstant to unemployment

Graduate86 | -0.071 | 0.240 -0.239 [0.225
Graduategg | 0.027 0.041 -0.190 | 0.085**
Studytime | -0.021 | 0.011** -0.014  0.008*

| Agt ~0.151 0.116 | 0.146 0.124
Utrecht | -0.146 | 0.215 | -0.156 0.256

| Gender [ -0.421 ] 0.232*% | -0.502 | 0.276
Log L 15055.1 | 5023.3

Note: * indicates two-sided sgnificance a a 10 % levd.
** indicates two-sded significance at a 5 % levd.
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Table 3b. Edimation results for basdine hazard.

No heterogeneity

With  heterogeneaty

Estimate |std. error

Estimate [std. error

Unemployment to medicd assdant

0-1 month | 0.078 0.058 0.240 0.075
1-2 months | -1.677 0.114 -1.533 0.123
2-4 months | -2.335 0.167 -2.172 0.172
4-12 months | -2.977 0.139 -2.813 0.143
12+ months | -4.417 0.316 -4.267 0.319
Unemployment to junior medicd specidist
O-1 month | -3.212 0.267 -3.123 0.416
1-2 months | -3.264 0.378 -3.103 0.455
2-4 months | -3.709 0.378 -3.567 0.457
4-12 months | -3.574 0.267 -3.373 0.327
12+ months | -4.606 0.278 -4.111 0.261
Medical assgtant to junior medicd specidist
0-1 month -5.274 0.448 -5.267 0.464
1-2 months | -4.612 0.265 -4.236 0.188

2-4 months 1-3.743 0.180

-3.591 0.216

4-12 months | -2.922  0.177

-2.651 | 0.154

12- months -3.772 | 0.213 | -3.469 | 0.230
Medicd assgant to unemployment
O-1 month |-0.838 |[0.228 -0.863 | 0.288
1-2 months | -3.730 | 0.120 -4.090 [ 0.305
2-4 months | -3.415 | 0.218 -3.879 | 0.266
4-12 months | -3.490 | 0.267 -3.879 | 0.324
124+ months | -4.630 0.277 -5.081 0.288

Note: Edtimates shown are for log A;j,.
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Table 3c. Edimation results for unobserved heterogeneity didtribution.

Mass point n | Edimete log vijn std. error
Unemployment to medicd assdant
1. 0 - -
| 2. -0. 084 0. 066 |
3 -1.080 0.404**
Unemployment to junior medicad specidist
1 0
2 -0. 244 3.520
| 3. -0.973 0.245%*
Medicd assdant to junior medica specidist
1 0 -
| 2 -0.340 0.426
3 -1.855 0.525**
Medicd assig at to unemployment
L 0 ~
| 2 0.659 0.130%*
|3 1.914 | 0.642%*
Probability  p,
D1 0.183 -
P2 0.798 0.401*
P3 0.019 0.005%*
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Table 4. Smulated duration digtributions for
an average individud.

| Unemployment to medicd assgtant

| Proportion of spells ended after:

| 1 month 2.0 %

2 months | 3.9 %

4 months | 6.4 %

12 months | 17.3 %

| Medicd assistant to junior medicd specidist

Proportion of spels ended &fter:

1 month 0.3%

2 months | 1.3 %

4 months | 4.9 %

12 months |35.1 %

Note The smulated probabilities are cdculated for
an average person in the data set.
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Figure 1. Typical job histories.

------------ R TT—— >
Unemployment etc. Junior Medical Specialist
>
----------- P———>
Medical Assistent
—>»>
Graduation Time of

interview
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