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Abstract

This paper considers estimation of a dynamic discrete choice model with second order state
dependence in the presence of strictly exogenous time—varying explanatory variables. We pro-
pose a new method for estimating such models, and a small Monte Carlo study suggests that
the method performs well in practice. The method is used to test for duration dependence in
labour market spells for French youth. The novelty in the application is that we are able to
control for time—varying explanatory variables.

In a discrete time duration model, duration dependent will result in second order state
dependence, and the paper therefore also adds to the literature on estimation of duration models

with unobserved heterogeneity.
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1 Introduction

This paper is concerned with estimation and testing of dynamic discrete choice panel data models
with second order state dependence. These models are closely related to two—state, discrete time
duration models with duration dependence.

An individual who has experienced an event in the past, is frequently more likely to experience
the same event in the future than an individual who has not experienced the event. Examples where
one might expect this include unemployment, union participation, accident occurrence, purchase
decisions, etc. Heckman (1981a, 1981b, 1981c) discusses two explanations for this serial correlation
in the context of standard discrete choice threshold crossing models. The first explanation is
the presence of true state dependence, in which case lagged choices/decisions enter the model in
a structural way as explanatory variables. For example, second order state dependence, which
is the topic of this paper, refers to the case where the choice probability is allowed to depend on
whether the event happened in the two most recent periods. The second source of persistence is the
presence of serial correlation in the unobserved error. Heckman calls this source of serial correlation
spurious state dependence. The serial correlation in the unobserved error is frequently modeled by
assuming that the error is composed of a time—invariant component (unobserved heterogeneity)
and a time—specific, serially independent component.

Distinguishing between the two sources of persistence is important if one wants to evaluate
the effect of economic policies that temporarily change the outcome of the dependent variable. If
the serial correlation is due to unobserved heterogeneity, then such a policy will not change future
choice probabilities, whereas these will change if the dependence is due to true state dependence.

In this paper, we consider estimation of a discrete choice model that accommodates both second

order state dependence and unobserved heterogeneity. Specifically, we considered the model:

yit = 1 {xitﬁyi’t_l + 0i1yit—1 + O2,y, ,\ Yit—2 + Qi + €t > 0} (1)

where x; is a vector of strictly exogenous variables for individual 7in time—period t, €; is an



unobservable error term, «; and ;1 are unobservable individual-specific effects, and 3y, 31, 020
and 021 are the parameters of interest to be estimated or tested. In this model, we allow the
effect x;; and y; to depend on the lagged value of y;;. This is natural in situations where y;;
is an indicator for whether an individual is in one of two states at time ¢. In that case, it is
natural to allow the transition probabilities (the hazards rates), P (yi = 1| yit—1 = 0, T, yir—2) and
P (yit = 0| yit—1 = 1, x4, yir—2) to depend differently on x; and y;;—o. (1) allows for that. In other
situations, for example if one thinks of (1) as the result of some structural model in the spirit of
Chintagunta, Kyriazidou, and Perktold (2001), it is natural to restrict §, and d29 to equal [3;
and d2 1, respectively. Therefore, in some of our discussion in this paper, we emphasize this case.
Moreover, we will focus on a logit specification in which €;; is i.i.d and logistically distributed, but
the approach can also be used to construct estimators and tests for more semiparametric versions
of the model.

The hypotheses 3y = 31 = 0and 029 = 02,1 = 0 are of particular interest, and we will discuss
how to test these in the model given in (1). On one hand, when both 3, and 3; equal 0, it is known
that a conditional likelihood approach (see e.g., Chamberlain (1985)) can be used to estimate d2
and 02,1 and to test hypotheses regarding them. The resulting estimator and tests will have all the
usual asymptotic properties such as consistency and root-n asymptotic normality (where n denotes
the number of cross sectional units and the number of time periods is assumed to be fixed). On the
other hand, when d2 ¢ = d2,1 = 0, the model becomes consistent with a two-state duration model
with no duration dependence.! The reason is that in that case, the probability that an individual
is in a given state at time ¢ (y;; = 1) depends on whether the individual was in that state in the
previous period (y;—1 = 1), but not whether she/he was in the state in periods before to that.
Hence, that probability does not depend on the duration of time spent in the state.

The contribution of this paper is twofold. First, in section 2, we propose econometric methods

On the other hand, one might estimate d2,0 and 2,1 to be nonzero even if there is no true duration dependence,

but the unobserved errors are serially correlated in a way that is more complicated than the one assumed here.



to estimate the model in (1). As mentioned, when § = 0 a conditional likelihood approach can be
used to estimate dy. See e.g. Magnac (2000) for a discussion of this. When d29 = d21 = 0 and ;1
is constant, the model is similar to the model with first order state dependence discussed in Honoré
and Kyriazidou (2000Db).

The approach proposed in our paper is based on generalizations of the suggestions in Honoré
and Kyriazidou (2000b). Like the estimator proposed by them, our estimator will depend on a
bandwidth, which must shrink to zero (as n — oo) for the estimator to be consistent. As in Honoré
and Kyriazidou (2000b), this will prevent our estimator from being root—-n consistent. This is
in contrast to the conditional likelihood method that one would use to estimate d2¢ and d2; in
(1) if one knows that § = 0. That approach does not depend on a bandwidth, and it generally
leads to a root—n consistent estimator. It is therefore interesting to note that the Wald—test of
the hypothesis that 3 = 0 in (1) will have its usual y?-distribution (under the null), even if one
considers asymptotics that holds the bandwidth fixed. A small scale Monte Carlo study presented
in section 4 of this paper suggests that the estimator performs well in practice.

The second contribution of this paper is to reconsider the issue of second order state depen-
dence in youth unemployment by estimating (1) using the difference in the (monthly) number of
unemployed between t and ¢t — 1, as the time—varying explanatory variable. We interpret this vari-
able as a proxy for business cycle effects, and finding that it has a significant effect in (1), should
be considered as evidence that some time varying variable plays a role in (1). A recent paper by
Magnac (2000) estimates a model like (1), as well as more complicated multi-state models, to study
the dynamics of youth labour market behavior. Unfortunately, existing methods did not allow that
paper to control for business cycle effects by including time—varying (macroeconomic) variables.
It is exactly this problem that motivates the econometric developments in the next section. We
therefore estimate model (1) using the same data as Magnac (2000), but also including the first
difference of the number of unemployed in a month as explanatory variable and distinguishing ac-

cording to the gender and the age. When we assume that the explanatory variables have the same



effects on the probability of being unemployed next period for employed and non-employed, the
estimate of on the effect of the macroeconomic variable tends to not be significant. When this as-
sumption is removed, we find that the macroeconomic variable is statistically significant (and with
the right sign) in some of the sub-samples considered, and that its effects vary according to the
state occupied on the labour market. We also find that second order state dependence is important
for the overall sample when 3 and ¢ do not depend on y; ;—1. When those parameters depend on the
prior state, the results are somehow different. In most cases duration dependence does not seem to
be statistically significant. This is in agreement with most of the literature on youth labour market
behaviour and more specifically for French young people (see for instance d’Addio (2000)). These

results are discussed in Section 3.

2 Estimation

As explained in Chamberlain (1985), one can test for duration dependence in a duration model

with point sampling by considering the hypothesis that d3 = 0in the model

exp (o + 614Yit—1 + 02yit—2)
Pyie = 1] Yiro1, yiss i) = 7 ’ 9
(wir = Uie-1.vir-2, ) 1+ exp (a; + 61i%it—1 + 62¥i—2) 2)

This model has been used, for example, by Chay, Hoynes, and Hyslop (2001) to estimate a model for
welfare participation, and a multinomial version of it has been used by Magnac (2000) to estimate
a model for labour market transitions. In the latter, the coefficient measuring the of duration
dependence, 02, is allowed to depend on which state the individual is in. In other words, dy in (2)
is replaced by d2,,, ,. This is the model given in (1), but without the explanatory variables, x;;.
When §2 = 0, (2) is a Markov chain for a given individual, i. Both «; and dy; are allowed to
differ across individuals in an arbitrary way, which implies that the logit assumption places no
restrictions on the transition probabilities. (2) is therefore a nonparametric Markov chain when
02 = 0. However, the logit assumption does impose restrictions when do does not equal 0, and the

model given by (2) is therefore semiparametric. A parametric version of (2) can be obtained by



making distributional assumptions on «; and ;.

The absence of time-varying effects in (2) is a limitation, which is sometimes undesirable in
empirical applications. In order to allow for such time—varying effects, it is natural to generalize (2)
by allowing the probability to also depend on a set of strictly exogenous time—varying explanatory
variables, z;;. One way to do this, is to introduce x;; as additional explanatory variables in (2)

exp (o + 2300 + 014¥ip—1 + 02Yi—2)
14 exp (o + it + 01:Yit—1 + 02Yit—2)

(3)

P(yit =1 Yit—1,Yit—2, Ti, ) =

where z; denotes the set of all the explanatory variables in all time periods for individual . While
(3) is a natural extension of (2), it differs from (2) in that it imposes parametric assumptions even
when d2 = 0. The model can therefore no longer be considered nonparametric in this case.

It seems natural to let x;; and y;;—o appear as in (3) because that makes it a simple general-
ization of a logit model. However, this functional form is unnatural if one interprets the model as a
discrete time, two-state duration model. In that case (3) imposes restrictions between the exit rate
from state 1 to state 0 and the exit rate from state 0 to state 1. For example, the same explanatory
variables affect the two exit rates, and the relative importance of different explanatory variables is
the same in the two rates (because they both depend on z;(3). Similarly, the relative importance
of duration dependence is the same for the two states. To overcome this, it is therefore interesting

to also consider a generalization of (3) that allows 5 and 62 to depend on the y;;—1,

exp (041' + xi,tﬂyi,t_l +01Yit—1 + 62,yi,t71yi,t72>

P (yit = 1Yit—1,Yit—2,Ti, ;) =

)
)

1+ exp (ai + TitBy, ,_, + 01i¥it—1 + 02,9,y Yit—2
The objects of interest in this paper are dzand Gin (3) (or d20, 021, B9 and B;in (4)). The
02’s capture the degree of duration dependence, and the 3’s accounts for time—varying explanatory
variables. Since the point of departure is (2), it is of particular interest to test 5 = 0.
The paper by Honoré and Kyriazidou (2000b) considered a model with first order state depen-
dence which is the same across individuals, i.e. d7 is not individual specific. Their paper emphasized
the case where 3 does not depend on the y; ;1. However, it is implicit in their discussion of gen-

eralizations to multinomial models that the approach generalizes to models with first order state



dependence in which (3 is allowed to depend on the y; ;1.

Non-Bayesian estimation of non-linear models like (3) and (4) is usually justified by asymptotic
arguments. These asymptotic arguments can be based on letting either the number of individuals,
n, or the number of time periods, T, (or both) increase to infinity. Since most relevant data
sets have many more individuals than time periods, the asymptotic arguments used to justify the
proposed estimators of d2 and  will be based on letting the number of individuals, n, increase for
fixed number of time periods, T

When specifying and estimating (3) and (4) one has the choice of whether to take a random
effects approach in which one specifies a distribution for («;,d1;), or a fixed effects approach, which
attempts to estimate the §’s and the do’s without making any assumptions on the distribution of
(a,01;) and on the way distribution relates to ;. There is a trade-off between these approaches.
The main advantage of the random effect approach is that it delivers a completely specified model.
This means that one can calculate all probabilities of interest under any “what—if” scenario, pro-
vided, of course, that the model remains true. One disadvantage of the approach is that it requires
one to specify the distribution of (a;, d1;) conditional on the time-varying explanatory variables in
all the time—periods. If one assumes that the basic structure of the model is correct no matter how
many time—periods one observes, this often leads to specifications that are inconsistent with the
observed distribution of the time-varying explanatory variables, unless one assumes that («;, d1;) is
independent of the time—varying explanatory variables. See Honoré (2002) for a discussion of this
point. A second, and possibly more severe, disadvantage of the approach is the initial condi-
tions problem. Indeed, a random effects approach also needs to specify either the distribution of
(cv, 014) conditional on (y;1, yi2, x;), or the distribution of (y;1,y:2) conditional on (ay, x;). If values
of y; before the start of the sample were also generated by (3) or by (4), then the relationship
between (o, d1;) and (y;1, ¥i2) would depend on the time—varying variables before the start of the
sample in a complicated way. Hence, if one models either the distribution of (v, d1;) conditional on

(yi1, Yiz, ), or the distribution of (y;1,v:2) conditional on (a4, d14,x;), one is implicitly modeling



the behavior of the time—varying explanatory variables.

There are also severe drawbacks associated with a fixed effects approach like the one proposed in
this paper. First, it will not always be possible to estimate a nonlinear model with fixed effects. For
example, the approach used here places restrictions on the behavior of support of the time—varying
explanatory variable that may not be satisfied, and it is not known how to estimate the model
without these restrictions. Secondly, the semiparametric nature of fixed effects models may lead to
estimates that are much less precise than the corresponding random effects estimates. Thirdly, and
perhaps most seriously, the parameters estimated by the fixed effects approach often do not allow
one to calculate objects such as the average effect of the explanatory variable on the probability
that y;; equals 1 (because this will depend on the distribution of (av, d15)).

In this paper we pursue the fixed effects approach to estimate (3) and (4) , but it should be
clear from the discussion above that this will only provide a partial answer to the question of how
one should estimate such models.

The key idea behind the construction of estimators of fixed effects panel data models is to find
some characteristic of the distribution of some random variable (which can be constructed from the
data) that does not depend on the fixed effects. In a textbook linear panel data model with strictly
exogenous explanatory variables, this is the conditional mean of the dependent variable minus the
individual specific averages of the dependent variable. In the conditional likelihood approach it is
the distribution of the dependent variable conditional on the sufficient statistic for the fixed effects.

Our proposed methods for analyzing (3) and (4) are based on the following expressions which
are derived in the appendix. They are all probability statements which are satisfied at the true
parameter values and which do not depend on the fixed effects.

Define =Z;;s to be the sequence of all the y’s for individual 7, except for y;; and y;s, Zis =

{yi,h "'7yi,T} \ {yi,tvyi,s}a where 3 S t<s S T —2.



For t =3,...,,T — 3, we have

P(yit = 1 Zitt41,Yit F Yit+1, Yit—1 = Yit+2,

Tit+101 = Tig2B1: Tig180 = Tig+280, Tipr2By, ,_, = Tip+3By,, )

N ((:Ui:t = Tig+1) by, F 2y, (Yig—2 — yi,t+3))
1+ exp (i — Tijtr1) bysyy + doy, oy Wi—2 — Yies3))

Fort=3,...,T —4

P(yis = 1 Zit 42, Yt 7 Yit+2:Yit—1 = Yit+1 = Yi,t+3

Tit+101 = Tig4+361, Tig180 = Tig+380, Tit+28y, ,_, = Tit+aBy,, )

_ &P ((mlt — Tip42) by, Hdoy,, o (Yig—2 — yi,t+4))
1+ exp (@i — Tigy2) by, +doy,, (Yit—2 — Yigra))

Finally for t =3,...,T —5and s=t+3,...,T — 2

Py = 1 Zits: Vit 7# Yiysr Yit—1 = Yi,s—15 Yijt+1 = Yi,s4+15

Tit+181 = Tis+181: Tig4180 = Tis+180, Tipr2By, o1 = Tig+3By, 1)

. eXp ((xi,t - xi,S) byi,t—l + d21yi,t—1 (yiﬂf—? - yi,s—2) + d2vyi,t+1 (yz’,t+2 - yi,8+2))
1+exp ((wi,t - xiys) byi,t—l + d27yi,t—1 (yi,t—Q — yi,S—Q) + d27yi,t+1 (yi,t-i-? - yi,s-ﬂ))

(7)

Although equations (5), (6) and (7) are derived by brute force in the appendix, they are motivated
by a conditional likelihood approach. Consider a version of (4) with no exogenous variables. Such
a model could be estimated by the conditional likelihood approach (see Chamberlain (1985)).
This would involve conditioning on the first two and the last two observations, the sum of all
the observations, as well as > yuyi—1. Equations (5), (6) and (7) are derived by considering
any subset of the data starting at time period ¢ — 2 and ending in period s + 2. We then first
condition on the first two and the last two observations as well as on the sum of all the observations

and Y yi+Yit—1, as one would in a model with no exogenous variables. Because of the exogenous



variables, this leads to expressions that depend on (o, d1;). To eliminate the terms depending on
(v, 01;) one must condition on events related to the exogenous variables. As will be seen shortly,
this is costly in terms of the rate of convergence of the proposed estimator. It is therefore desirable
to minimize this type of conditioning. The smallest amount of conditioning done in this way is
obtained if one further conditions on all but two of the dependent variables (recall that we also
condition on the sum of all of the dependent variables, so this is the most conditioning that one
can do without making the distribution degenerate). This is why the probabilities in (5), (6)
and (7) condition on all the values of y;, except for two. This gives raise to conditioning on
events of the type Zi,¥it 7# ¥is- When there are no time-varying explanatory variables, one
would want to be sure to be implicitly conditioning on > y; +y;+—1 (because then one would have
conditioned on the sufficient statistic for (a;,d1;)). When s = t+ 1, this is achieved by conditioning
on Y;t—1 = Yit+2. When s = t + 2, one would need to condition on y;;—1 = y;+4+3. However,
for the case where y;1—1 = yit4+3 # Yir4+1 to deliver expressions that do not depend on (o, d15),
one needs to condition on ;111 = ;42 = Ti+3 = Tit+4. The curse of dimensionality suggests
that this is undesirable (relative to the conditioning in (6)) when x is continuously distributed,
and we therefore ignore these terms. When s > t + 2, conditioning on ) v;+¥;—1, implies that
Yt—1+Yt+1 = Ys—1+Ys+1. However, conditioning on either {y;—1 =0, y411 =1, ys—1 = 1, ys+1 = 0}
or {y1—1 =0, yer1 =1, ys—1 = 1, ys+1 = 0} leads to expressions that do not involve («y, d1;) (for all
values of 3¢, By, d2,0 and d21) only if 441 = T412 = X541 = Ts12. Since these are based on three
equalities rather than two (as in the other expressions), we will not use these expressions. The
probabilities in (5), (6) and (7) are therefore the only cases in which «; and/or d1; do not appear
(for all values of 8, (1, d2,0 and J2,1), and which require conditioning on only .two events of the
type Tit = Xis.

If one assumes that § = 0, then the z terms in (5), (6) and (7) are all equal by construction and
one can use them to set up a “partial” conditional likelihood function in order to estimate do. This

would be inefficient relative to the conditional maximum likelihood approach because the additional

10



conditioning eliminates variability which is informative about d2. If 3does not equal zero, then
one can mimic the line of argument in Honoré and Kyriazidou (2000b) and use nonparametric
regression techniques to essentially construct a sample analog of the conditional likelihood function
based on (5), (6) and (7). The problem with this is that the conditioning sets in these equations
depend on . This can be overcome by noting that the calculations in the appendix also imply the
following probability statements.

Fort =3,...,,T — 3, we have

P (yz;t = 1\ Eit,t+1; Yit # Yit+1,Yit—1 = Yit+2, Tit+1 = Tit42 = xz‘,t+3)

~exp (@i — i) by, g+ doy, y Wit—2 — Yiets)) ®
L+ exp ((Tig = Tigs1) by, oy + 2y, s Wit—2 = Yir43))

Fort=3,....,T —4

P(yit =1 Zitgr2, Yt # Yit12, Yit—1 = Yit+1l = Yit+3, Tittl = Tit+3, Tit+2 = Tit44)

o exp ((@ig = Bigr2) byy o+ dog, s (Yit—2 — Yirra))
1+ exp ((.th — T 42) by, , 1 +day, ., (Yit—2 — yi7t+4))

Finally fort =3,..., T —5and s=t+3,...,T — 2

P (it = 1| Zits, Yirt # Yis Yig—1 = Yi,s—1s Yist+1 = Yi o1, Titt1 = Ti g1, Tif+2 = T4 4+3)

_exp (@i = i) by, F oy, Wie—2 = Yis—2) F oy, (Wier2 — Vist2))
L+ exp (@i — %is) by, s + d2y, s Wit—2 = Yiss—2) + day, oy Wirr2 — Yist2))

(10)
When z;; is continuously distributed, we therefore propose to estimate (3, d2) by maximizing?

Z%‘ (b,d2) (11)

2When elements of x;; are discrete, it is not necessary to use a kernel for those components of x;;.

11



where

T-3

€T — 2 T — 2

g = Z 1 {yt 7& yt+1} 1 {Z/i,t—l _ yt+2}K ( 2,t+1 - z,t+2> K ( 1,142 - z,t+3> (12)
t=3

log [ &P (it ((og — igg1) by, +doy,, Wir—2 — Yirr3)))
1+ exp (i — Tijtr1) by oy + doy, oy Wi—2 — Yigs3))

T4
Lit+1 — Lit43 Lit42 — Tit44
+ > Uy # g2} TH{gia—1 = yes1 = yers} K (%) K (%)
=3

log exp (i ((ig — Tipr2) by oy + 2y, Wi—2 — Yistra)))
L+ exp (@it — @igr2) by y oy + do, oy (Yig—2 = Yipra)

T-5 T—2
Tit41 — Tistl Tir2 — Tist2
+ Z Z Wy # yst -1 = ys—1} 1{ye+1 = Yst1 } K (ZH—“‘*> K <Zt+—”+>

t=3 s=t+3 h h

log exp (yi,t ((xi,t - $i78) byi,tfl + d27yi,t—1 (yi,th - yi,372) + dQ,yi,tH (yi,t+2 - yi,s+2)))
1+ exp ((wig — Tis) bys oy + d2yg, ) Wit—2 — Yis—2) + doy, o1 Wiz — Yist2)) )

K (-) is a kernel and his a bandwidth that approaches 0 as the number of observations increase to
0o. In the empirical application in the next section we choose K to be an Epanichnikov kernel® and
we experiment with the bandwidth h.

It is interesting to note that the first two sums in ¢; separate into a sum of two terms, one that
depends on (bp,d2,0) and one that depends on (b1, dg1). This means that one can estimate the
parameters of the two transition probabilities (from state 0 to state 1, and from state 1 to state 0)

separately by considering only the first two sums in ¢;. On the other hand, if one wants to use all

3This kernel is efficient (in a particular sense) in other settings, here we use it primarily because of its simplicity
and because it is continuous and has finite support (which means that the many of the terms in the objective function

are 0).
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the terms in (12) that are informative about (2,0, 8y) (or(d2,1,3;)), then one must simultaneously
estimate dg,1 (or d20)

By arguments similar to those in Honoré and Kyriazidou (2000b),
Va2 (0 9) =N (0,07'vr ) (13)

under suitable regularity conditions, where #and 6 denote (BO, 51,3270,;5\271) and (B, £1,92,0,02.1),

respectively, and kis the dimensionality of x;:. avar (@) = —L_T-1VT~! can be estimated by

T nh2k

1
( q (Bo731732,0,§2,1>> (14)
;

-1
<Z qé (Boﬁpgzo,&,l)T%{ (Boﬁp&,o,&@)) (Z q;/ (BO»BMZS\ZO,SQJ)) .

Since the contribution of this paper is to allow for time—varying explanatory variables in models

like (2), it is useful to consider a test of f; = #; = 0. A natural test would be the Wald test
based on (13) and (14). Such a test will be justified in the sense that it will have the usual x?
—distribution (under the null) even if the bandwidth is a fixed constant (i.e., does not decrease to
0 as the sample size increases). The reason for this is that if the true 5, and 3, equal 0, then (for
fixed h), E[¢;] would be maximized by making the terms inside the log’s equal to the probability
that y; = 1 (conditional on the events in the indicator function for each of the terms in the sums
in ¢;). This happens at by = by =0, dag = 020 and da 1 = 1. It therefore follows from standard
asymptotics for M—estimators that if 5 equals 0, then the proposed estimator will be consistent and
asymptotically normal as n — oo, but with A (and T') fixed. This in turn implies that the Wald test
of the hypothesis 8 = 0 that uses avar (@) in (14) will have the usual asymptotic x? —distribution
under the null (for h fixed). In other words, under the null, the Wald test has the same asymptotic
distribution as it would in a parametric model. Unfortunately, it does not follow that the Wald test
is consistent for h fixed. This is because the estimator of (3, 5;) is not guaranteed to be consistent
under the alternative.

A random effects approach to estimating (3) or (4) has to deal with the fact that the model

13



does not specify the distribution of the first two observations conditional on (z1, ..., ZiT, v, 61;).
If the first two observations are also generated from (3) or (4), then their distribution (given
(i1, ..., i1, @3, 014)) will depend on the distribution of the explanatory variables in time periods
prior to the sample (given (z;1, ..., i1, @, d1;)) which is typically unspecified. This is the initial
conditions problem. It is therefore important to note that the probability statements in (5), (6)
and (7) all condition on the first two observations for an individual. This is because Z;;5 always
contains ;1 and ;2. This means that the estimators based on (5), (6) and (7) do not suffer from
the initial conditions problem.

The difference between basing an estimator on (8), (9) and (10) rather than on (5), (6) and
(7) is bigger than it might appear. The reason is that in the latter case, the dimensionality of
the nonparametric problem is 2k, whereas it would be either 2 or 3 in the former (depending on
whether kK = 1 or k > 1). The curse of dimensionality implies that this can be very important. One
way to exploit (5), (6) and (7) is to note that they can be used to construct moment conditions that
are based on conditional probabilities given values of x;+3. However, it is not clear whether those
moment conditions identify #. One should therefore combine them with the moment conditions
based on conditional probabilities given values of x;. If the former satisfy a local identification
condition, then this would lead to an estimator whose rate of convergence is driven by the moment
conditions based on the conditional probabilities given values of z;/3 (by an argument similar to
that in Honoré and Hu (2000)). Since the application discussed in the next section has only one

time—varying explanatory variable, we do not pursue this here.

3 The Empirical Application

In this section we use the methods outlined above to estimate equation (3) and (4) for a dataset
composed of French youth. This is the same data set used by Magnac (2000). Since one of the
specification used by him is similar to (2), it is especially interesting to test whether 5 = 0 in (3)

and B, = (; = 0in (4).

14



The data are extracted from the 1990-1992 waves of the French Labour Force Survey and an
additional survey held in 1992 (Module Jeunes) focusing on individuals and their family background
since they were 16 years old up to the survey date.

The French Labour Force Survey is a rotating panel on three years concerning approximately
60,000 households. One third of the sample is renewed each year implying that 20,000 households
are present in the survey at three successive dates. The sub—sample used here consists of 5,824
young individuals aged between 18 and 29 in 1992. More specifically, it contains information about
their histories on the labour market for the period going from January 1989 to March 1992. Surveys
took place at three dates, January 1990, March 1991 and March 1992. At each survey date, the
interviewer attempted to rebuild the individuals’ labour market history through questions about
their activities in each month of the previous year. The interviewer also asked about the current
labour market activity of the individual. As a result of this, the information about the month of
February 90 is missing.

The survey sampling scheme makes spells in various states left—censored at the beginning of
the observation period and right—censored at the end. This complications matters if one models
the durations using standard continuous time duration models. See d’Addio and Rosholm (2002).
However, as discussed in the previous section, the initial conditions problem (which is similar to
the problem of left censoring in duration models) plays no role for the approach proposed here.
Right—censoring is also not a problem, provided that the censoring time is exogenous. This is
clearly the case here, since censoring time is the final survey date.

For the empirical application, the dependent variable is defined to be 1 if the individual is
unemployed or out of the labour force, and 0 otherwise. This differs from Magnac (2000) who
estimated a multinomial model with a more disaggregated definition of the labour market states.
If an individual is in school at the start of the survey, we ignore the data until the moment she/he
enters the labour market. Later periods of schooling are treated as employment.

Table 1 presents summary statistics regarding the dynamic behavior of the dependent variable
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(non-employment)

Table 1: Transition probabilities

Pr(y: = 1lyt—1 = 0) 2.38
Pr(y; = 1|ly;—1 = 1) 92.68
Pr(y; = 1lys—1 = 0,32 = 0) 2.26
Pr(y, = 1yr—1 = 0,42 = 1) 7.61
Pr(y: = 1lye—1 = 1,40—2 = 0) 84.90
Pr(y; = 1ys—1 = 1,y2=1) 93.10

Although Table 1 does not control for individual-specific heterogeneity, it appears that state
dependence of order 1 (see the first two lines of Table 1) and order 2 (the last four lines of Table
1) is important in the non-employment behaviour of young individuals. Without first order state
dependence, Pr(y; = 1ly;—1 = 0)would equal Pr(y; = 1|y;—1 = 1), but, as one would expect,
the probability of nonemployment is much higher for an individual who was not employed in the
previous month. Without second order state dependence, Pr(y; = 1|y;—1 = 0, y:—2 = 0) would equal
Pr(ys = 1ly;—1 = 0,94—2 = 1), and Pr(y; = l|y—1 = 1,94—2 = 0) would equal Pr(y; = 1|yi—1 =
1,y4—2 = 1). However, the data clearly suggest that the employment status in time period ¢ — 2
plays a role for the employment history in period ¢, and this role is consistent with a decreasing
hazard in both employment and unemployment.

As mentioned earlier, it is interesting to control for macro—economic business cycle effects
when studying unemployment. Here, we use the difference between ¢ and ¢ — 1 in the number
of French unemployed as the time—varying explanatory variable. Strictly speaking, this variable
will not satisfy the regularity conditions needed for the consistency of the estimator discussed in
the previous section because it does not vary by individual. However, the Wald tests will have the
correct asymptotic distribution (under the null).

Figure 1 shows the time—path for the difference between t and ¢ — 1 in the number of French

unemployed over the relevant time—period.

[insert Fig. 1 here]
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We think of this variable as a proxy for broad business cycle effects and more particularly for labour
market conditions.

Several arguments suggest that macroeconomic effects (frequently summarized by the overall
unemployment rate) may have an important impact on the unemployment of young individuals.
For instance, it has been argued that when labour market conditions allow for it, young people
are more likely than adults to “shop around” before finding a stable job and to quit voluntarily
(see e.g. Blanchflower (1996)). The reason may be that their opportunity cost of changing jobs is
lower than the adults’. This phenomenon has been found to be especially important for very young
workers and to become less important with age. Other reasons have been advocated to explain the
higher turnover of young individuals. For instance, within human capital theory (Becker (1993)),
turnover acquires a particular meaning when costs (linked to human capital) for both the firm and
the workers appear. One of those costs is related to training. For young people this cost (and the
related investment) is lower compared to that supported for the adults, therefore firms are more
likely to separate from the former. In addition, firms can more easily fire young workers since
the protection offered by the employment legislation to people hired under an apprenticeship or a
limited term contract is often very weak. Besides this, the flow of young people into unemployment
is often considered as a mechanism of adjustment: during a recession period firms cut at first
jobs held by young people to protect those of adults (more experienced). This would confirm the
importance of the LIFO (Last In First Out) criterion in the firing decisions of young individuals
as suggested by Layard, Nickell, and Jackman (1991) and would imply that, in recession periods,
newly employed young individuals would suffer more than the adults. Moreover, especially for young
individuals firms face a great uncertainty about their skills. Signaling (Spence (1973)) ranking and
filtering (Arrow (1973)) mechanisms can intervene in the hiring process as suggested for example
in Blanchard and Diamond (1994). On one hand, young individuals entering the labour market
have generally no previous professional experience. Those with better labour market histories will

be likely to be more successful; being older (among the young individuals) and having experienced
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unemployment in the past may affect the labour market prospects, especially in recession periods.
On the other hand, within the same cohort, better educated (or experienced) individuals would
provide potential employers with the best signals. These mechanisms are latent in dual market
theories that account also for various forms of information asymmetries;

Because of this we will consider subsets of the sample based on age. Since the behaviour of
young individuals has been shown to differ between men and women, we will also consider subsets
of sample based on gender.

All the data used in this paper were collected by the French National Institute of Statistics

(INSEE).

3.1 Results

In this section we present the results from estimating (3) and (4)using the data described above.
As previously mentioned, it is likely that duration dependence and the effect of the business cycle
differ across age groups. One might also expect these to differ according to gender. In order to
account for this, we estimate the models using the total sample as well as four different sub—samples.

Specifically, we consider the samples

1. The overall sample;

2. Men in the sample aged less than 25;*
3. Women in the sample aged less than 25;
4. Men in the sample aged 25 or more;

5. Women in the sample aged 25 or more;

Note that the individuals who turn 25 during the period will be used in both the under 25 and

the over 25 samples, but only for the periods for which they were under 25 or over 25, respectively.

4This corresponds to the ILO definition of young people.
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This makes some of the samples unbalanced, but the number of observations for an individual is
€X0genous.

The contribution of a single individual to the objective function is a sum of (T’Q_ 4) = w
terms (although many of them will be 0), where T;is the number of observations for individual 7.
Heuristically, this seems to give too much weight to individuals with a large value of T;. Following
Honoré and Kyriazidou (2000a), we therefore use a weighted version of (3) with weights given by
ﬁ, with the standard errors adjusted appropriately. This does not affect the consistency of the
estimator, but while we do not claim the weights to be optimal, we suspect that they will result
in an improvement in efficiency over the unweighted estimator. Our motivation for using these

weights is that by conditioning on the first two and last two observations, we essentially have T; —4

terms for each individual. The contribution to the objective function is then defined by all pairwise

T;—4

9 ) terms. The deviations from

comparisons of observations taken from those. Hence, we have (
mean estimator of the standard linear panel data model can also be written as the minimizer
of a weighted sum (across individual) of terms that are defined by all pairwise comparisons of
observations for that individual. The weight given to an individual in that case is the inverse of the
number of observations for that individual minus 1. This is the reason for using ﬁ as the weight.

The estimator defined by minimizing (11) depends on a bandwidth and a kernel to be chosen
by the researcher. The choice of kernel is usually less critical than the choice of bandwidth in
applications of semi— and nonparametric methods. We therefore use only one kernel, which is the

Epanichnikov kernel given by

K (u) = max{0,1—u*} (15)

The fact that K (-) has bounded support implies that many of the terms in the objective function
are 0. This make it computationally much more tractable than, say, a normal kernel. Since we
expect that the choice of bandwidth is more important than the choice of kernel, we use three

different values of the bandwidth h.
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The results from estimating (3) and (4) using the method described in Section 2 are presented
in Table 2 and in Table 3 respectively. Tables 2 also presents results from a linear probability
model with individual specific intercepts, and from a logit model that treats «; as parameters to

be estimated,’

(31,32, E) = argmin Z max Z{yit log (A (:L’Z'tb + dlym_l + dgyi,t_g + az)) (16)
t

dy,da,b i=1 e

+ (1 = yit) log (1 — A (it + drysp—1 + doyiz—2 + ;) }

Table 3 presents results from a linear probability model with individual specific intercepts and
coefficients on y; +—1 and with y;;_o and z;; interacted with y;;—1, and from a logit model that treats

«; and d;1 as parameters to be estimated and allows the coefficients on y;; 2 and x;+ to depends on

Yit—1,

n
(520, 521750751) = argmin Z max Z{yit log (A (xitbym_l + 01¥ip—1 + 02y, Yig—2 + ai))
d20,d21,b0,b1 ;=1 a;i,01; ;

(17)

+ (1 — yar)log (1 — A (zitby, ,_, + 616¥i—1 + Oy, Yi—2 + ai)) }

As mentioned in the previous section, y;; is missing for the month February 1990. Since this
is exogenous, the sums in (12) can be replaced by the same sums excluding terms that involve
February of 1990 without affecting the asymptotic properties of the estimator (except for the loss
of efficiency). For the linear probability model and the maximum likelihood estimator defined
in (16) and (17), we also ignore terms that involve February of 1990. This also will not affect
the interpretation of our results, although it does mean that (16) and (17) are not the maximum
likelihood estimators (but rather a quasi maximum likelihood estimators with the same properties).

Both the linear probability model and the model estimated by (16) assume that ¢; is constant

across individuals, and the estimators would be consistent as T — oo for fixed n. One should

SWe calculate the asymptotic standard errors of the estimator by treating it as an m—estimator of the form

B= argmin, >.7_, ¢i , where g; is the term inside {-} in 16.
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therefore not necessarily expect similar results across the three models. One should also expect the
scales of the estimates obtained from (16) to differ from those estimated by the linear probability

model because the two models make different scale normalizations.
[Table 2 to be inserted here]

[Table 3 to be inserted here]

The results in Table 2 are as one would expect. An increase in the aggregate number of
unemployed increases the probability that an individual is unemployed. This is true for all the
estimators and all the subsamples, except the estimates from (3) for men over 25 and for women
over 25 for one of the bandwidths (and the estimates are insignificant in those cases). Takes as a
whole the results in Table 2 also suggest negative® duration dependence (with the exceptions being
insignificant). Specifically, the probability of being unemployed (or employed) is lower if the person
was unemployed (employed) two weeks earlier. The results in Table 3 that allow for the coefficients
on the change in the number of unemployed and on y;;—s to depend on y;;—1 are somewhat more
interesting. First, it is clear that coefficients differ depending on y;;—1. This is not at all surprising,
since there is no reason why the hazard for employment and unemployment spells should be related
in the way that is enforced by (3). Secondly, it appears that the estimates are unstable across the
different subsamples. Presumably, the reason for this is that the effective samples size (the number
of nonzero terms in the objective function) is small for some of the subsamples. We therefore focus
on the results for the full sample. Here, the effect of the macroeconomic variable is significant
with the expected sign for the people who are currently employed and insignificant for the people
who are unemployed. The estimates for the linear probability model and the estimates based on
(16) and (17) imply positive duration dependence whereas the estimates based on (4) suggest no
or positive duration dependence. The Monte Carlo results reported in the next section suggest

that the incidental parameters problem which is associated with the linear probability model and

5Note that a positive coefficient on y; ;2 is associated with negative duration dependence.
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the estimates based on (16) and (17), results in severe bias in the direction of positive duration
dependence. This is consistent with the finding in Table 3.

As a general statement we would expect that higher values of h will lead to more biased but
less variable estimators. It is impossible to comment on the bias based on Table 2 and Table 3
(because the true data—generating process is unknown), but the estimated variances are consistent

with the standard errors of the estimator being bigger when h is small.

4 Monte Carlo Investigation

In this section we report the results of a small Monte Carlo study designed to investigate the
behavior of the estimator defined in equation (11) as well as the maximum likelihood estimator
defined in (16). We focus on the models (and estimators) that restrict the coefficients on z;; and
Yit—o to not depend on ;1. The reason for this is that it makes the model more similar to a
standard logit model and the Monte Carlo study presented here more comparable to the one in
Honoré and Kyriazidou (2000Db).

We consider four versions of the model

exp (o + 2300+ 014¥ip—1 + 02Yit—2)
1+ exp (v + 20+ 01iYit—1 + 02yit—2)

P(yit = 1Yit—1,Yit—2,%i, ;) = (18)

All designs have x;; distributed as independent normal random variables with mean zero and
variance 2. This choice is based on convenience. The other common features of (18) are that 5 =1
and 62 = 1 in all the designs. All the data sets have n = 1000, and data is generated from (18) for
time periods 1 to T+ 10, where y; 1 and y; 2 are generated from (18) with y;0 = 0 and y; -1 = 0.
Only the last T time periods are used for the estimation. This essentially means that the initial
observations are drawn for the stationary distribution of (yit, yit+1). The differences in the designs

are summarized in Table 4.
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Table 4: Monte Carlo Designs

Design 1 01, =1 a; =0
Design 2 01~ N (1,1) o; =0
Design 3 01, =1 a; ~ N (1,1)
Design 4 01~ N (1,1) a; ~ N (1,1)

For each of the designs we generate 500 datasets for both 7" = 10 and for T" = 20. For each
dataset, we estimate the § and 03 using the estimator defined in maximizing (11) and (16). For the
latter, we also obtain estimates of d;. Since one might suspect that the estimator (11) is sensitive to
the choice of bandwidth, we calculate the estimator using three values of h, with h = 0.5, h = 1.0,
h = 1.5. We use the Epanichnikov kernel in (15).

Tables 4 and 5 report the mean bias and root mean square error of the three estimators of d
and [ for each of the eight designs. Those tables also report the median bias and median absolute
errors of the estimators. The results for 7' = 10 are in Table 4, and the results for 7' = 20 are in

Table 5.

[Tables 5 and 6 to be inserted here]

A number of interesting patterns emerge from Tables 5 and 6,

e The estimator proposed in this paper generally performs much better than the fixed effects
maximum likelihood estimator that treats the individual-specific effects as parameters to be

estimated.

e While all the estimators improve when T is increased from 10 to 20, the improvement is

particularly pronounced for the bias of the fixed effects estimator.

e The performance of the estimators does not vary dramatically with the sample design. This

is presumably because the individual specific effects and the state dependence parameter are
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relatively small compared to the exogenous explanatory variables and to the (implicit) error

in the logit model.

e The estimator defined in (16) is severely biased in favor of positive duration dependence. We
conjecture that this is due to the incidental parameters problem. This would explain why the
estimates in the first two columns of Tables 2 and 3 suggest duration dependence parameters

that are much lower than the ones based on the estimator proposed here.

5 Conclusion

Existing methods do not allow one to estimate and test for second order state dependence in
dynamic discrete choice models with unrestricted individual-specific effects. Building on Honoré
and Kyriazidou (2000b), this paper proposes methods for doing this in the context of a logit model.
We discuss the large sample properties of the estimator and a small Monte Carlo study illustrates
its performance in finite samples. An extension to the semiparametric case following the logic of
Honoré and Kyriazidou (2000b) is relatively straightforward, and the resulting maximum score
estimator based on Manski (1987) would be consistent.

The paper also applies the method to estimate a simple dynamic discrete choice model of youth
unemployment which allows for a time—varying macroeconomic explanatory variable. The results

suggest that such variables are indeed important in practice.

6 Appendix: Derivation of objective function

Recall that the model is

exp <Oéi +@itBy, | +01yt—1 + 02y, , yt—z)

P(yit = 1Yit—1,Yit—2,Ti, ;) =
1 +exp <Oli +xitBy, | +01iy—1 + 62,yt—1yt72)

an that the estimation of (8, 81, d2,0,02,1) is based on minimizing

Z%‘ (b, da)
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where

T-3

Tig41 — Ti42 Tig42 — Tit+3

¢ =Y Uy # vy} 1{yis1 = prsa} K (%) K (%)
t=3

log [ &P (it (o — @igy1) by, +doy,, Wir—2 — Yirs3)))
1+ exp ((zig — Titr1) byoy oy + doy, oy Wi—2 — Yies3))

T—4
Lit+1 — Lit43 Lit42 — Tit44
+Zl{yt7éyt+2}1{yi,t—l:yt+1:yt+3}K< . h — )K( — h e )
=3

log exp (yz’,t ((ﬂﬁzt - l“z',t+2) byi,t,l + d27yi,t71 (yi,t72 - yi,t+4)>)
1 +exp ((ﬂfzt = Tit+2) by, Hday,, (Yir—2 — yi,t+4))

T-5 T—2
Tit+1 — Tis+1 Tit+2 — Ti,s+2
T Z Z Hye # yst 1{y—1 = ys—1} Wy = ys1 } K (ZH—”*> K <Zt+—”+>

t=3 s=t+3 h h

log [ &P (Wit (g — @is) by, s +doy, s Wik—2 = Yis—2) + doy,, .y Yins2 = Visy2)))
1+ exp ((wig — i) by, s + dog,, y Wit—2 = Yis—2) + oy, 1y Witr2 — Yisr2) )’

K (+) is a Kernel and his a bandwidth which will in principle depend on the sample size.
The objective function is defined by considering two sequences, Aand B, each sequence is of
length 7 > 6. The two sequences differ only in the " and s** coordinate, where 2 < t < s < T —1.
We will now justify the objective function above by considering three cases based on whether ¢
and s differ by one, two or more than two. In each case we will compare P (A|z;1, ..., i1, @i, 01;) to
P(B|xj1,...,ziT,,01;). For notational convenience, we will denote these by P (A) and P (B),

and we will drop the subscript ion z, y, o and 9.

6.1 Casel. s=t+1

Without loss of generality assume that Ahas y; = 1, y.4+1 = 0 (otherwise switch A and B)
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P(A) F (Oz t xtﬂyz—1 + dy—1 + 52,yt—1yt—2)

_ (19)
P (B) 1-F (a + ."L‘tﬁyFl + d1yp—1 + 527yt71yt,2>
1 —F(a+xe418) + 01+ 921Ye-1)
F(a+zi4180 + 62,00t-1)
y F(a+ x41900 + 02,0)+2 (1 — F (0 + x41900 + d9,0)) ¥+2
F (0 + w428y +61)7 (1= F (0 + w403, + 61))' ¥+
Yt+3 1—yt43
F (Oé + 21430y, + 51yt+2> (1 - F (a + ziy30y,,, + 51yt+2))
X 1—yt43

Yt+3
F <O[ + xt+3ﬁyt+2 + 61yt+2 + 527yz+2> (1 - F (Oé + $t+3/6yt+2 + 51yt+2 + 62,yt+2))
If yio1 = yryro = 1, m4109 = 1420 and z4410, = xiy20, = x1430, then (19) becomes

P (A) N F (a + $tﬂ1 + (51 + 52713/,5_2)
P(B) a 1-— F(Oé + $t/61 + 51 + 52,1yt72)

1—-F(a+zi4168, + 61+ d21)
F(a+ z44108y + 02,0)

F (o + z44180 + 02,0)
X
F(a+ xa8y +61)

F(a+m18y +61)"4 (1= F (o4 24418y + 1)) ¥+

>< —
F(a+m18y + 01 4 621)Y4 (1 — F (o + 24418y + 01 + 52,1)) 74+
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or

P (A) _ F (a + $tﬂ1 + (51 -+ 5271?/15—2)
P (B) 1-F (Oé + $t,61 + 51 + 52,1yt72)

1 — F(a+z4161 + 61+ 621)
F (a4 xi118; + 01+ 021)Y% (1 — F (@ + 244101 + 01 + d2.1)) ¥+

X

L Flotzfy +00)" (- F (ot 26 +61) "
Fa+ 116, + 01)

There are then two cases. If ;43 = 1 then

P (A) _ F (a + xtﬂl + 61 + 52713/,5_2) o 1-F (O[ + CCt_Hﬂl + 61 + 5271)
P(B) 1—F(a+xf+61+21Y—2) F(a+ x40y + 61+ 621)

If yiy3 = 0 then

P(A) _ F(a+ 8+ 01+ 021yt—2) o 1—F(a+zi410, + 61)
P(B) 1—F(a+zf;+01+021Yt—2) F(a+z4416; +01)

Either way

P (A) _ F (Oé + xtﬁl + 51 + 52713/15_2) % 1-F (Ot + .Z‘t+1ﬁl + (51 + 5271yt+3) (20)
P(B)  1-F(a+afy+061+0210-2)  F(a+xg1f)+ 01+ 21943)

On the other hand, if y;—1 = Y42 = 0 and x1418) = Tr4200 = Ter38o and x4410; = 420, then
(19) becomes

P(A) _ F (o + 20y + d2yi—2)
P(B) 1—F(a+zfy+ 02ys—2)

1 - F(a+m416; +61)
F (Oz + xt—&-lﬁo)

o L= F(atze1fo + d20)
1= F(a+ z418; + 01)

Fa+m4180)"" (1 — F (o + 24418,))' ¥+

X
F (o4 2p418g + 62,0)"* (1 — F (a + 244180 + 02,0)) 4+
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or

P(A) _ F(a+xfy + d2,0yt—2)
P(B) 1—F(a+zBy+ d20y1—2)

1-F (a + xt—i—lﬁo + (5270)

X F(a+24160)"* (1 - F(a+ xtﬂﬁo))l_yHB
F (o + 24180 + 020)"7 (1 — F (a0 + 24180 + 02,0)) 4+

There are again two cases. If y,43 =0

P(A) _ F(a+xfy+d20y-2) L1 F (a + x113)
P(B) 1—F(a+xfy+ 620yt-2) F(a+zi10,)

fyys=1
P(A) __F (@ + ¢y + 62.0y1—2) " 1 —F(a+ x50+ 020)
P(B) 1-F(a+zfy+020y-2) F (a+ z4418) + d2,0)

Either way

P(A) __F (a+x¢fy + 02,09—2) o 1 —F(a+ ze4180 + 92,0Yt43)
P(B) 1—=F(a+x8By+ 02,0y:—2) F (a4 24180 + 62,0yt+3)

(21)

Combining (20) and (21) we get that if y;—1 = yir2, 2111081y, , = Ter2B1-y, , and x116,, | =

T2y, , = 1430, , then
BB (22)

F (a + @By, |+ 01y + 52,ytflyt—2) 1-F (Oé + 2418y, +01y1—1 + 024, , yt+3)
X

1-F (O‘ + @By, +01y-1 + 527yt_1?/t—2> F (a + @118y, | +01Yt—1 + 52,yt_1yt+3)

F(n)

exp(n) , implies T=F(y = XP (n), and therefore (22) becomes

1+exp(n)

The logit assumption, F'(n) =

P(A) exp (04 +xBy, | +01y-1 + 52,yt71yt—2>
- = exp ((xt — Tp11) ﬂyt—1 + 527%—1 (Yt—2 — yt+3))
exp (04 + ze118y, , +01Yt—1 + 02y, 4 yt+3)
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In other words,

exp <(ﬂ?t —211) By, + 024, 1 (Y12 — yt+3))

1+ exp ((iﬂt — Zt41) By, + 02,y (Yr—2 — yt+3)>

It is easy to see that y—1 = yrr2, Te4101-y,_, = Te4201—y,_, and T4418,, | = Te420,, | =
xt+3ﬁyt_1 is the only case in which a and édicancel. In particular without y;—1 = yi42, the sum
> yyi—1 would differ for the sequences A and B, so in that case conditioning on A U B will not
condition on what would be the sufficient statistics for o and ¢; in a model without time—varying

explanatory variables.

6.2 Case2s=t+2

Without loss of generality assume that Ahas y; = 1, y;42 = 0 (otherwise switch A and B)
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P(4) F <oz + Sﬂtﬁyt_l + 01yt—1 + 02, yt72)

_ (23)
PB) 1_F (a +xfBy, | +01y-1 + 52-yt71yt—2>
y (F ( + @416, + 61 + 52,1%1))“+1 (1 — F(a+z410; + 61+ 621%-1) ) e
F o+ ze418y + 62,09-1) 1= F(a+ 21180 + 02,09¢-1)
1-F (oz + 2428y, + 01y1 + 52,yt+1>
X
F (a + 28y, + 51yt+1)
< F(a 4 24380 + 02,04141) >yt+3 < 1 — F (o + w4360 + 02,0t+1) >1yt+3
F(a+ mp436) + 01 + 62,19141) L= F(o+ ae4sfy + 01+ 0210e41)
Yita 1=eta
F <04 + T4y, , + 51yt+3> 1-F <Oé + Tiyafy,,, + 51yt+3>
X
F (a + xt+4ﬁyt+3 + 61yt+3 + 527yt+3) 1-F (Oé + mt+4/8yt+3 + 51yt+3 + 62:%-&-3)

Throughout this section, we will condition on the event x¢1183; = xt+301, Tey109 = x1438 and
TytroBy, | = Tiafy, |, and we will consider two cases.
Consider first the case where 3,1 = y;+1 = y+3 = 0. In this case

If yi1a = 1 (23) simplifies to

P(A) _ F (a4 xfy + d2,0yi—2) o 1= F(a+ 244280 + d2,0)
P(B) 1-F(a+xBy+ 020yi—2) F(a+x44280 + 020)

If yi14 = 0 (23) simplifies to

P(A) _ F(a+xfo+ d20y:—2) 1= F (a +x442080)
P(B) 1—F(a+xfy+ 620yt—2) F (o + x1420)

Either way

P(A) __F (a + x40y + 62,09t—2) o 1 — F(a+ 24260 + 02,0Yt44)
P(B) 1—F(a+zfBy+ d20yt—2) F (o + 4280 + 02,09144)

Consider next the case where y;—1 = y44+1 = yt+3 = 1. In this case
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P(A)  Fla+xif+ 061+ 0219i-2)
P(B) 1—-F(a+zfBy+061+021y1—2)

(F (a4 zp4108, + 01+ 52,1))
F(a+ 24189 + 020)

1 — F(a+zp23) + 01+ 02,1)
F (o + w1261 +01)

" ( F(a+ z44189 + 02) >
F (Oé + $t+1ﬂ1 + 51 =+ 5271)

( F (o4 w4426, +01) >yt+4 < 1 —F(a+ x40 + 01) >1_yt+4
F (o + x4420, + 01+ 021) 1 —F(a+ 428 4+ 01+ 02,1)

which simplifies to

P (A) _ F (a + a:tﬂl + 61 + 52,1yt_2) 1-F (a + $t+2/81 + 61 + 5271yt+4)
P(B) 1-F(a+xzfBy+61+021y—2) F(a+xi406] + 01+ 621Yi44)

Thus if -1 = Yt+1 = Yet3

P(A) F (a +xefBy, | +O01yt—1 + 52,yt,1yt—2> 1-F (a + Zer2By, | +01Yt—1 + 02y, 4 yt+4)

P(B) 1-F (Oé +zBy, | +01yt—1 + 52,yt_1yt—2> F (Oé + T2y, | +01yi—1+ 527yt—1yt+4)
In the case of a the logit model, this becomes

P(A exp (Oé +xBy, | +01y-1 + 62,yt—1yt—2>
() = - ) = exp <($t — Z42) ﬁyt,l + 52,yt_1 (Ye—2 — yt+4)> .

P (B) exp (Oz + $t+2ﬂyt71 +01y—1 + 527%71%4_4

The individual specific effect & and §; will only cancel in the expression for % if ¥4 1 = yry3.
The reason for this is that this is the condition for A and B to have the same value of > yiy¢—1.
The reason why we do not use the terms corresponding to y:—1 = ¥¢+3 # yrr1 is that in order to

use those, we would also need to condition on ;11 = Ti42 = Ty43 = Tyt4.
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6.3 Case 3. s>t+2

Without loss of generality assume that Ahas y; = 1, ys = 0 (otherwise switch A and B)

P (A) F (OL + $t/3yt71 + 51yt*1 + 527%71 yt*2)

P(B) 1_pF (a +xBy, | +01y-1 + 52,yz—1yt—2>

" <F (a4 x¢4108, + 01 + (52,1yt—1)>yt+1 (1 —F(a+ a6+ 01+ (52,1yt—1)>1_yt+1
F (a4 w4180 + d2,00t-1) 1 —F(a+ 4180 + 02,00t-1)

Yt+2
F (Oé + 2420y, + 01y+1 + 52,yt+1) 1-F (Oé + ze2By,, + 01y + 62,yt+1>
X
F (Oz + xt+26yt+1 + 51yt+1) 1-F (a + xt+2ﬂyt+1 + 51yt+1>
1 - F (Oé + xsﬁysfl + 51y3_1 + 627215713/8—2)
X
F (a + xsﬁys_l + 61ys—1 + 627ys—1y8—2)
( F (Oé + $s+160 + 52,0:‘/3—1) >ys+1 ( 1-F (a + .1‘54.1,80 + (52,0ys—1) )1_ys+1
F(a+zs118) + 061+ 021Ys1) 1—F(a+ 4108 + 61+ 02,19s-1)
Ys+2
F (a +Toyofy,  + 51ys+1> 1-F (Oé +Toyofy,  + 51ys+1>
X
F (a + $S+2/8ys+1 +01Ys+1 + 627ys+1> 1-F (a + x5+2ﬂys+1 +01Ys+1 + 627ys+1>

Expressions that do not depend on a can only be obtained when y;—1 + 4441 = Ys—1 + Ys+1. This
can be seen by inspection, or by noting that without time—varying explanatory variables, one
would have to condition of ) wy;—1, which implies that the sequences A and B must satisfy

Yt—1 + Y41 = Ys—1 + Ys+1. There are six such cases.
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6.3.1 Yt—1 = 07 Yt+1 = 07 Ys—1 = 07 Ys+1 = 0
In this case

P(A) _F (o + x4 fBg + 02,041—2)
P(B) 1—F(a+xf0+02yi—2)

» <1—F(a+9€t+151+51)>
L — F(a+ 241060)

y (F (o + 4260 + 52,0))“+2 <1 — F (a4 2420y + 52’0)>1—yt+2
Flat i126) 1= F (a4 z1420)

1-F (a + .’L‘sﬁo + (52,0y5_2)
F(a+zs8) + 62,0ys—2)

><< 1 —F(a+zs110) >
1 —F(a+zs4151 +01)

X ( F (o + xs5+28)) )ySH < 1 — F(a+xs5420)) )1%“
F (a4 xs4208¢ + 62,0) 1 —F (a4 254280 + 62,0)
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This simplifies only in the event x11108; = 251181, 14180 = Ts+10¢ and x¢420¢ = 5420, in which

case

P (4) _ F (a4 2By + 62041—2)
P (B) 1-F (Oé + .Tt,BO + 52,0%—2)

<F (o + z4420) + 52,0))y“r2 <1 — F (a + x44280 + 02,0) > 1=t
F (a4 x420,) 1 — F (a+ z428))

1 — F(a+zs8y+ 02,0ys—2)
F (Oé + l‘sﬁo + 52,03/372)

« < F(a + 2i4200) >y5+2 < 1 — F (o + 24420) )1_%”
F (a+ x42080 + 62,0) 1 — F (a+ x4 4280 + 92,0)

 F(a+zBy+ d20u1-2) 1 —F(a+zs6y+ d2,0ys—2)
1 —F(a+ 28y + 62,0yt—2) F(a+ 48y + d2,0ys—2)

F(a+x28) + 1{yry2 > ysi2} - 620) 1 — F(a+m28) + yro < ysia} - d20)
1= F(a+ 22080 + 1{yt+2 > ys+2} - 02,0) F(a+zi1260 + 1{yrr2 < Ysi2} - 620)

In the logit case, this becomes

P(A
P EB; = exp ((2¢ = 25) Bo + 02,0 (Y1—2 = Ys—2 + Yer2 — Ys42))
or
P(AJAUB) = —2 (2 —5) Bo + 02,0 (Y2 = Ys—2 + Y142 — Ys+2))

L +exp ((w¢ — ) By + 02,0 (Yt—2 — Ys—2 + Y2 — Yst2))
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6.3.2 Yt—1 = 07 Yt+1 = 17 Ys—1 = 07 Ys+1 = 1

P (A) _ F (a + :L“tﬁo + (5270yt_2)
P (B) 1-F (Oé + :L'tﬁo + 52,0yt,2)

" (F (a4 x40, + 51)>
F (o + 24415))

F o+ x496; + 61 + 52,1)>yt+2 (1 — F(a+zi96, + 61 + 52,1))1_%+2
F(a+ 100, +01) 1 — F(a+ 226, +01)

1-F (Oé + $sﬁ0 + 52,0213—2)
F (a4 x500 + 62,0¥s—2)

F(a+ xs410))
F (a + $5+1ﬂ1 + (51)

" F(a+ zs420, + 61) )yS“ < 1—F(a+ xs420, +01) )1_%“
F(a+zs1208, + 91+ 021) 1 — F(a+xs420; +61+0621)
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This simplifies only if 11108, = 251181, 14189 = Ts+180 and zry28; = Ts+20;, in which case

P(4)  Fla+xify+ d20y-2)
P (B) 1-F (Oé + xtﬂo + 5270yt,2)

1= F(a+ x50+ 02,0ys—2)
F(a+xsBy+ 62,0ys—2)

<F (4 2442081 + 01 + (5271))%*2 (1 — F(a+ xpy20, + 01 + 5271)>1yt+2
F(a+ 24208, + 61) 1— F (a+ 2428, + 61)

" < F(a+l't+2/61+51) )ys+2 < 1 _F(a+$t+2ﬂ1+61) >1ys+2
F(a+xi4208, + 01 +621) 1 —F(a+x44206, + 01+ d2,1)

_ F (a4 xfo + 02,0Yi—2) " 1—F(a+xs8g+ 62,0Ys—2)
1 — F(a+ 20y + d2,0yt—2) F(a+xs8y+ d2,0ys—2)

% < F(a+xi196; +01) 1—F(a+xp4206, + 01+ 52’1)>1{ys+2>yt+2}
1—F(a+4xip20, +61) F(a+xp26; +01+621)

< F(a+ w08y +01+021) 1—F(a+zi4208; + 61)>1{y5+2<yt+2}
1 —F(a+x20, +01+021) F(a+a26, +01)

In the logit case this becomes

P(A
—P EB; = eXp ((xt — .’L‘S) ,80 + 5210 (Z/t—Z - y8—2) + 6271 (yt+2 - y8+2))
or
P(A|AUB) = —P (@ = 24) Bo + 020 (y1—2 = ya—2) + 021 (Y42 — Ys42))

L+ exp ((x; — s) Bo + 02,0 (We—2 — Ys—2) + 021 (Y42 — Ys+2))
633 y1=0,y11=1ys1=1,ys401=0

In this case
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P(A)  Fla+xify+d20y-2)
P (B) 1-F (Oé + ZEtﬂO + 5270yt,2)

" (F(OH- Ti416 +51)>
F(a+xi41061)

<F (@ + 44261 + 61+ (52,1))3”+2 <1 — F(a+ 24406, + 01+ (5271)>1—yt+2
F(a+xt+251+51) l_F(OJ+$t+2ﬁ1+(51)

1 —F(a+xsf; + 01+ 62,1Ys—2)
F(a+zs6) + 061+ 021Ys-2)

o 1 —F(a+$5+1,30+52’0)
1—F(a+ 54101 + 01+ 621)

X < F(a+zs28)) )ySH < 1 — F(a+w520)) >1_y5+2
F (o + z51280 + d2,0) 1 —F(a+ xsy28y + 02)

In this case, expressions that do not involve « (for all values of 3) can only be obtained if equalities
across the time periods ¢t + 1, t + 1, s + 1 and s + 2 are satisfied. Since these are based on
three equalities (across time) rather than two (as in the other expressions), we will not use these

expressions.
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6.3.4 Yt—1 = 17 Yt+1 = 07 Ys—1 = 17 Ys+1 = 0

P(A)  F(a+xBy+ 01+ 021y:-2)
P(B)  1—F(a+xf; + 61+ 6214-2)

1—F(a+x4108, + 61+ d2.1)
1—F(a+ z4189 + d2)

o (Flot b+ @))W (1 — F (o + @120 + 02) ) e
F (o + z4420) 1 —F(a+ x42060)

1 —F(a+xs6) +01 +621Ys—2)
F (Oé + 335,@1 + 51 + 52,1y3_2)

L 1-F (a+ w5160+ d20)
1—F(a+xs4181+ 61+ 621)

F(a+ xs1208)) )ys“ ( 1—F(a+xs420)) >1_y3+2
“\F (a4 x542080 + d2)0) 1 —F(a+ xs4260+ 02,0)
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This simplifies only if z:418; = 254107, xe+18¢9 = Ts+18¢ and x1428y = X520y, in which case in

which case

P(A) _F (a4 x4y + 01 + 02,191—2)
P (B) 1-F (a + xtﬂl + 51 + 52,1,%—2)

>< (F (o + @28y + 52,0))yt+2 (1 — F(a+ my20 + 5270)>1—yt+2
F(a+ z4120) 1 —F(a+ x14200)

1 —F(a+zsf) + 01+ 021Ys2)
F(a+zs61 + 61+ d2,1ys—2)

( F(a + 24200) )ySJr2 ( 1 — F (o + z420) )1_ys+2
X
F (o + z44208¢ + 020) 1 — F(a+ 24280 + d20)

In the case of a logit

P(A
P EB; = exp ((v¢ — s) By + 02,1 (Yt—2 — Ys—2) + 02,0 (Y42 — Ys+2))
or
P(AJAUB) = —P (¢ — 25) By + 02,1 (Ye—2 — Ys—2) + 02,0 (Ye42 — Ys+2))

1+ exp ((xr — xs) By + 021 (Yt—2 — Ys—2) + 02,0 (Y42 — Ys+2))
635 y1=11911=0,9s-1=0,ys41 =1

As the case -1 =0, yp41 = 1, ys—1 = 1, ys+1 = 0, expressions that do not involve « (for all values
of ) can only be obtained if equalities across the time periods t + 1, t + 1, s + 1 and s + 2 are
satisfied. Since these are based on three equalities (across time) rather than two (as in the other

expressions), we will not use these expressions.
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6.3.6 Yt—1 = 17 Yt+1 = 17 Ys—1 = 17 Ys+1 = 1

P(A)  F(a+xfBy+ 01+ 021y:-2)
P (B) T 1-F (Oé + :L'tﬁl + 01 + 52713/,5,2)

F(a+x10; + 01+ 52,1))
F(a+z44160 + 02)

F o+ x4961 + 61 + 52,1)>yt+2 (1 — F(a+zi96, + 61 + 52,1))1_%+2
F(a+ xt190, +61) 1= F(a+ 2428 + 01)

1 —F(a+xs6; + 01+ 021Ys—2)
F (a + xsﬁl + 461+ 52,13/5—2)

% F(Oé+$s+1ﬂ0+(52) )
F (O[ -+ .’E5+151 + 51 + (52,1)

F(a+ xs4261 + 01) )yS“ < 1—F(a+xs020; + 1) )1—ys+2
“\F (0t wepafy + 01+ 01) 1— F (a+ zg20, + 01 + 02,1)

This simplifies only if 241187 = Zs+1081, Tt+189 = Ts+18¢ and zry28; = 5123, in which case
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in which case

P(A) __F (a4 2401 + 01 + 021Yt—2)
P(B) 1—F(a+xfy+061+d21yi—2)

<F (o + 4281 + 01 + (52,1))‘%*2 (1 — F(a+ xiy20, + 01+ 5271)>1yt+2
F(a+ 2428, + 61) 1— F (a4 21420, +01)

1 —F(a+zs8) +01+021Ys—2)
F (Oé + xsﬁl + 51 + 62,1y5—2)

" < F(a+ xi008; +61) )yS“ < 1—F(a+xi420; + 61) >1_y5+2
F(a+ 4206, + 91+ 021) 1= F(a+ 423 4+ 01+ 02,1)

In the case of a logit

P(A
%B; =exp (@ — xs) B1 + 921 (Ye—2 — Ys—2 + Y42 — Ys—2))
or
P(AAUB) = exp ((wt — xs) By + 02,1 (Yt—2 — Ys—2 + Y12 — Ys42)) _
1+exp ((z —xs) By + 921 (Ye—2 — Ys—2 + Yrt2 — Ys12))
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Table 2: Controlling for the change in the number of unemployed

LP w. FE Logit

Everybody (n = 3590)

5 0.755* 4.397*
1 0.006 0.074
5 0.009 0.256*
2 0.005 0.071
5 0.006* 0.139*

0.110 0.033

Young Men (n = 1625)

5 0.743* 4.296*
1 0.009 0.106
5 0.022* 0.253*
2 0.008 0.100
5 0.008* 0.120*

0.002 0.053

Young Women (n = 1436)

5 0.736* 4.457*
1 0.010 0.138
5 —0.015 —0.213
2 0.009 0.134

5 0.011* 0.346*
0.002 0.064

44

h=0.3

0.764*
0.182

0.670*
0.204

0.511
0.298

0.195
0.290

—0.236
0.338

0.047
0.335

Based on (3)

h=04 h=05

0.672*
0.156

0.646*
0.160

0.395
0.246

0.394
0.239

—0.043
0.290

0.133
0.276

0.599*
0.140

0.624*
0.134

0.319
0.224

0.426*
0.206

0.070
0.269

0.110
0.234



Table 2 (continued)

LP w. FE Logit Based on (3)
h=018 h=024 h=0.30

Men over 25 (n = 831)

5 0.752* 4.453* - B B
1 0.018 0.276
5 0.006 0.109 2.075* 2.342* 2.291*
2 0.016 0.265 0.828 0.703 0.571
5 0.001 0.019 —0.326 —0.495 —0.462
0.002 0.130 0.608 0.539 0.470

Women over 25 (n = 894)

5 0.744* 4.420* B B B
1 0.015 0.282
5 0.004 0.052 0.648 0.762 0.822*
2 0.014 0.303 0.657 0.511 0.423
5 0.000 0.039 —0.086 0.110 0.213
0.002 0.139 0.549 0.455 0.399
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Table 3: Controlling for the change in the number of unemployed

LP w. FE

Everybody (n = 3590)

5 -0.062*
2,0 0.006
5 -0.067*
21 0.008

0.004*
Po 0.001

0.007*
& 0.003

Young Men (n = 1625)

5 -0.066*
2,0 0.009
5 -0.039*
21 0.014

0.005*
Po 0.002

0.009
P 0.006

Young Women (n = 1436)

5 -0.080*
2,0 0.010
5 -0.103*
21 0.014

0.011*
Po 0.002

0.011*
P 0.005

Logit

-0.890*
0.124

-0.594*
0.106

0.297*
0.058

0.012
0.028

-1.079*
0.206

-0.322*
0.151

0.257*
0.090

0.031
0.120

-1.402*
0.236

-1.251*
0.217

0.628*
0.109

0.194
0.115
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h=0.3

-0.259
0.583

0.258
0.579

1.488
0.602

-0.597
0.490

-1.526
1.160

-1.103
0.815

2.589
1.697

-0.126
0.819

-1.040
0.885

2.1222
1.260

2.191*
0.858

-2.336"
0.934

Based on (4)
h=0.4

-0.255
0.415

0.911
0.472

1.385*
0.422

-0.282
0.416

-0.342
0.601

-0.754
0.725

2.200*
0.875

-0.224
0.666

0.320
0.824

1.698
1.256

1.827*
0.567

-2.202*
0.720

h=0.5

-0.190
0.362

0.979*
0.473

1.345*
0.355

-0.203
0.408

0.006
0.531

-0.641
0.650

2.062*
0.680

-0.189
0.595

0.613
0.822

1.805
1.233

1.581*
0.476

-2.142*
0.647



Table 3 (continued)

LP w. FE Logit Based on (4)
h=0.3 h=04 h=20.5

Men over 25 (n = 831)

5 -0.055* -0.796* -1.220 0.287 0.705
2,0 0.018 0.350 1.191 0.880 0.870
5 -0.093* -1.111* 51.330*  19.650*  19.874*
21 0.025 0.440 0.000 0.010 0.008
5 0.000 0.053 2.173* 0.954 0.602
0 0.001 0.184 1.131 1.092 0.971
5 0.003 0.010 -48.215* -7.240* -6.385*
1 0.013 0.127 0.003 2.897 2.697

Women over 25 (n = 894)

5 -0.071* -0.936* -0.012 -0.412 0.055
2,0 0.016 0.335 1.441 1.281 0.946
5 -0.088* -1.067* 1.304 1.453 1.111
21 0.019 0.309 0.877 0.875 0.923
5 -0.001 0.013* 0.317 0.478 0.874
0 0.002 0.033 0.965 0.818 0.743
3 -0.003 -0.149 0.689 0.196 0.222
1 0.004 0.165 1.749 1.598 1.523
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Design 1

MLE

h=0.5
h=1.0
h=15

Design 2

MLE

h=0.5
h=1.0
h=1.5

Design 3

MLE

h=0.5
h=1.0
h=1.5

Design 4

MLE

h=0.5
h=1.0
h=15

Table 5: Monte Carlo Results (7' = 10)

59 B
Mean Med. Mean Med.
Bias RMSE Bias MAE Bias RMSE Bias MAE
—0.605 0.612 —-0.610 0.610 0.235 0.239 0.236 0.236
0.680 7.155 0.080 0.689 0.472 4.011 0.128 0.283
0.045 0.510 0.014 0.302 0.056 0.229 0.024 0.131
0.001 0.344 —0.000 0.220 0.034 0.147 0.019 0.089
—0.508 0.516 —0.510 0.510 0.199 0.202 0.198 0.198
0.747 8.840 0.115 0.688 0.864 7.503 0.112 0.262
0.008 0.480 —0.028 0.317 0.049 0.216 0.030 0.129
—0.012 0.338 —0.018 0.208 0.032 0.146 0.006 0.082
—0.625 0.632 —0.622 0.622 0.240 0.243 0.238 0.238
0.377 3.023 —0.059 0.728 0.652 4.824 0.115 0.261
—0.001 0.501 —0.027 0.332 0.073 0.220 0.035 0.129
—0.017 0.351 —0.014 0.230 0.048 0.151 0.030 0.091
—0.517 0.524 —0.522 0.522 0.199 0.203 0.197 0.197
1.224 10.709 0.145 0.739 1.141 9.241 0.140 0.295
0.041 0.513 —0.025 0.328 0.085 0.274 0.039 0.145
—0.005 0.325 —0.026 0.223 0.041 0.156 0.030 0.097
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Design 1

MLE

h=0.5
h=1.0
h=15

Design 2

MLE

h=0.5
h=1.0
h=1.5

Design 3

MLE

h=0.5
h=1.0
h=1.5

Design 4

MLE

h=0.5
h=1.0
h=15

Table 6: Monte Carlo Results (T = 20)

2 B
Mean Med. Mean Med.
Bias RMSE Bias MAE Bias RMSE Bias MAE
—0.248 0.253 —0.248 0.248 0.089 0.091 0.089 0.089
0.009 0.300 —0.007 0.202 0.028 0.151 0.010 0.090
—0.012 0.161 —0.006 0.108 0.005 0.073 0.001 0.049
—0.023 0.122 —-0.015 0.077 0.004 0.051 0.001 0.036
—0.160 0.169 —0.159 0.159 0.057 0.060 0.057 0.057
0.044 0.309 0.026 0.186 0.032 0.142 0.020 0.089
0.003 0.162 —-0.010 0.113 0.009 0.074 0.005 0.049
—0.011 0.118 —-0.015 0.084 0.005 0.053 0.005 0.035
—0.256 0.260 —0.257 0.257 0.091 0.093 0.091 0.091
0.024 0.322 0.003 0.217 0.030 0.146 0.018 0.093
0.006 0.176 —0.004 0.121 0.007 0.075 0.002 0.051
—0.013 0.126 —0.007 0.092 0.005 0.054 0.005 0.036
—-0.161 0.169 —-0.163 0.163 0.058 0.061 0.058 0.058
0.036 0.330 0.038 0.216 0.034 0.145 0.017 0.088
—0.002 0.165 0.002 0.115 0.010 0.075 0.002 0.052
—0.013 0.122 —0.013 0.086 0.007 0.055 0.004 0.035
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Figure 1: Difference in the number of unemployed between t and t-1 over the observation period (1989-1992)
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