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Time Aggregation Bias in Discrete Time Models
of Aggregate Duration Data

Michal Franta =

Abstract

The paper focuses on the dynamics of unemployment in the Czech Republic over the
period 1992-2007. Unemployment dynamics are elaborated in terms of unemployment
inflows and unemployment duration. The paper contributes to the literature dealing with
discrete time models of aggregate unemployment duration data by accounting for time
aggregation bias. Another innovation relates to the way we examine the impact of time-
varying macroeconomic conditions on individual duration dependence and
unemployment inflow composition. The estimation results suggest that both unobserved
heterogeneity and individual duration dependence are present. The relative impact of the
two factors on the aggregate duration dependence, however, changes over time. Next,
seasonal effects on the individual hazard rate are detected. We do not find a significant
role of macroeconomic influences. Finally, we demonstrate the profound influence of
time aggregation of duration data on unemployment duration parameters for empirical
data for France and the Czech Republic.

JEL Codes: J64, C41, E24.
Keywords: Duration dependence, time aggregation bias, unemployment,
Unemployment duration.
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Nontechnical Summary

The paper deals with the dynamics of unemployment in the Czech Republic over the period 1992-
2007. The turnover in the pool of unemployed is examined in terms of unemployment inflows and
unemployment duration. The analysis begins with a statistical decomposition of unemployment
changes to assess the relative importance of unemployment inflows and duration. We show that
variation of both inflow and average duration contributes to changes in unemployment in the
Czech Republic. Then we examine unemployment inflows and unemployment duration in turn.

Unemployment inflows are analyzed in terms of the reason for leaving a job. We show that the
shares of the various reasons for leaving a job among the newly unemployed change over time
considerably. For instance, during the 1997-1999 recession the share of inflow into
unemployment from employment due to redundancy increases, while quits for family and health
reasons decrease.

Unemployment duration is studied by means of discrete time models of aggregate duration data.
We estimate a non-parametric model enabling us to answer the question whether the observed
decrease of the aggregate probability of leaving unemployment over the duration of
unemployment is a consequence of the individual probability of leaving unemployment
decreasing over the duration of unemployment or because of the increasing relative share of
individuals with low re-employment probability in the pool of unemployed over the duration of
unemployment. Estimation results suggest that both effects are present. Interestingly, the impact
of the two factors changes over time. Furthermore, several semi-parametric extensions of the
benchmark model are proposed. In addition, they allow for the assessment of the roles of effects
of time of inflow into unemployment (cohort effects), and effects of time-varying macroeconomic
conditions on individual probability of leaving unemployment. Estimates imply that the quality of
entrants into unemployment depends on the season (quarter) of the inflow and is independent of
time-varying macroeconomic influences.

The main contribution of the paper consists in that it explicitly accounts for time aggregation bias.
Quarterly unemployment registry data usually report the unemployed as at the last day of the
quarter. So, those who flow into unemployment during the quarter and leave unemployment
before the end of the quarter are not covered by unemployment registry data on the unemployed in
the first duration category (analogically for discrete time models based on monthly or yearly
data). We assert that a standard approach that draws on reported quarterly data could yield
misleading results regarding the individual duration dependence, unobserved heterogeneity, the
dependence of the average quality of entrants into unemployment on the business cycle, and
seasonal effects. In the literature so far, the time aggregation bias in discrete time models of
aggregate duration data has not been accounted for. We demonstrate the profound influence of the
time aggregation of duration data on unemployment duration parameters on empirical data for
France and the Czech Republic.
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1. Introduction

An analysis of the labor market based on stocks provides only an incomplete picture. A certain
number of the employed, the unemployed, and non-participants can be a consequence of very
distinct dynamic structures with different macroeconomic and policy implications. The same
number of unemployed persons can reflect high turnover in unemployment on the one hand and a
few entrants trapped in unemployment for a very long time on the other. To obtain a full
description of the labor market, flows between labor market states should be taken into account.

The current paper deals with the dynamics of unemployment examined in terms of unemployment
inflows and unemployment duration. Understanding the turnover in the pool of the unemployed
sheds light on the origin of unemployment, on the proper way of conducting labor market
policies, and on the wage pressures experienced in the economy.

The paper contributes mainly to the literature of discrete time models of aggregate duration data.
First, it explicitly accounts for time aggregation bias. Quarterly unemployment registry data
usually report the unemployed as at the last day of the quarter. So, those who flow into
unemployment during the quarter and leave unemployment before the end of the quarter are not
covered by unemployment registry data on the unemployed in the first duration category. Thus, a
standard approach that draws on reported quarterly data could yield misleading results regarding
the individual duration dependence and unobserved heterogeneity. Moreover, the number of
unemployed persons not captured by the quarterly data depends on the business cycle. So, the
model can detect a spurious dependence of the average quality of entrants into unemployment on
the business cycle. Finally, if the number of unemployed persons ignored by the quarterly
unemployment registry data depends on the season, then time aggregation could affect the
estimate of seasonal effects.

In the literature so far, the time aggregation bias in discrete time models of aggregate duration
data has not been accounted for. We demonstrate the profound influence of the time aggregation
of duration data on unemployment duration parameters on empirical data for France and the
Czech Republic. French data set is chosen to allow for a direct comparison with existing literature
that is nowadays viewed as standard in the unemployment duration research. Czech data set is
chosen to extend considerations about the time aggregation bias for emerging market economies.

The second contribution of this paper is the introduction of a novel approach to disentangling the
effects of time-varying macroeconomic conditions on the unemployment inflow composition and
individual duration dependence. Using dummy variables for different stages of the business cycle
we avoid dependence of the parameters of interest on the particular business cycle indicator used.

Third, focusing on the Czech Republic over the period 1992-2007, the paper provides the first
attempt to elaborate the situation of the unemployed using aggregate duration data models for
countries that experienced transition from central planning to a market economy in the 1990s.
Only a few studies based on micro data are available.' Several issues are worth analyzing in the
context of a post-transition country. For example, the role of individual duration dependence and
unobserved heterogeneity is not clear. The literature suggests that the impact of unemployment

! References are provided in the section discussing related literature.
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duration on the individual probability of leaving unemployment may be caused, for example, by
stigma effects and the presence of ranking in the recruitment process. Also, some supply side
factors, such as deterioration of human capital over the time of unemployment and the effect of
unemployment benefits, may play a role. The observed aggregate duration dependence may,
however, stem from unobserved heterogeneity. The unemployed with high re-employment
probabilities leave unemployment earlier and the average probability of finding a job in the pool
of the unemployed diminishes over time. Knowledge of the importance of individual duration
dependence and unobserved heterogeneity is crucial for the proper conduct of employment
programs.”

A related issue is whether the role of individual duration dependence changes with time-varying
macroeconomic conditions represented by the business cycle. There are two conflicting
theoretical concepts underpinning the dependence of individual duration on the business cycle.
First, the pool of the unemployed is not as competitive in booms as in recessions and even the
long-term unemployed face a higher probability of finding a job during a boom (the ranking
model of Blanchard and Diamond, 1994). This approach results in a weakening effect of duration
on the individual hazard rate of the long-term unemployed during booms. Second, the long-term
unemployed could be viewed as being of a low productivity type during booms and thus facing
less employment opportunities (Lockwood, 1991). Consequently, the effect of duration of long-
term unemployment is more profound in booms.

Within the broader economic context the unemployment dynamics are closely related to two
macroeconomic concepts that are widely used in the modeling framework of central banks — the
NAIRU and wage dynamics. Both concepts help us to understand the determination of wages and
prices and consequently to assess inflationary pressures in the economy.

Campbell and Duca (2007) point out the link between changing average unemployment duration
and changes in the NAIRU over time.® Abraham and Shimer (2001) and Llaudes (2005) discuss
the effect of unemployment duration on the size of downward pressures on wages. The current
paper provides results that can contribute to additional analysis dealing with the NAIRU and wage
determination in the Czech Republic.

In this paper, we focus on the Czech Republic over the period 1992-2007. The Czech
unemployment registry data are well suited for the analysis, since the quarterly data provide the
numbers of the unemployed in quarterly duration categories and the monthly data contain inflows
into unemployment. In addition, data are available a few days after the end of the quarter and are
not subject to revisions.

We start with a statistical decomposition of unemployment changes to assess the relative
importance of unemployment inflows and duration. Then we examine unemployment inflows and
unemployment duration in turn.

2 The basic policy question is whether employment programs should be focused on the long-term unemployed or
whether the short-term unemployed should be scanned for individuals with bad individual characteristics. For
the employment policy implications of different unemployment duration structures see the discussion in van den
Berg and van Ours (1996).

3 The changes in the NAIRU for the Czech Republic are estimated in Hurnik and Navratil (2004).
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Unemployment inflows are discussed in terms of the reason for leaving a job. Unemployment
duration is studied by means of discrete time models of aggregate duration data. We estimate a
non-parametric model enabling us to distinguish individual duration dependence from unobserved
heterogeneity. Furthermore, several semi-parametric extensions of the benchmark model are
proposed. They allow for the assessment of the roles of individual duration dependence,
unobserved heterogeneity, effects of time of inflow into unemployment (cohort effects), and
effects of time-varying macroeconomic conditions on individual duration dependence.

The analysis suggests that changes in both unemployment inflows and average duration contribute
to unemployment fluctuations. Regarding the inflows, the shares of the various reasons for
leaving a job among the newly unemployed change over time considerably. Estimation results of
duration models suggest that both unobserved heterogeneity and individual duration dependence
contribute to the observed aggregate duration dependence. Moreover, the impact of the two
factors changes over time. Next, the quality of entrants into unemployment depends on the season
(quarter) of the inflow and is independent of time-varying macroeconomic influences. We also
show that not accounting for the time aggregation in discrete time models of aggregate duration
data result in biased estimates. In the case of the Czech Republic, for example, even the sign of
the estimated coefficient capturing individual duration dependence changes. Unemployment
registry data not adjusted for the very short-term unemployed lead to an estimated positive
duration dependence. Data adjustment causes a switch to negative duration dependence.

The rest of the paper is as follows. In the next section the relevant literature is discussed. Then,
the duration models of aggregate unemployment data are introduced. The unemployment data are
described in Section 4. Section 5 focuses on a descriptive analysis of unemployment inflows and
duration. Moreover, a statistical decomposition of unemployment changes is carried out. The time
aggregation bias is examined in Section 6. The estimation results are reported in Section 7, and
Section 8 concludes.

2. Related Literature

Regarding unemployment duration analysis, two basic approaches have been established in the
literature. One branch of the research draws on individual (micro level) data using various
specifications of hazard models. At the micro level, detailed information on individual
characteristics can be exploited to examine the determinants of the duration of an individual
unemployment spell. On the other hand, individual panel data usually cover a short time span
and/or a limited area only, so they are not appropriate for examining the impacts of time-varying
macroeconomic conditions. A survey of micro studies on unemployment duration analysis can be
found in Machin and Manning (1999). Recent papers that incorporate the effects of the business
cycle into proportional hazard models of micro duration data include Rosholm (2001) for
Denmark and Verho (2005) for Finland.

The next strand of research focusing on unemployment duration deals with aggregate
unemployment data categorized by the duration of unemployment spells. The aggregates usually
cover a sufficiently long time span. However, in contrast to micro level studies, individual
unemployment histories cannot be observed and attention has to be paid to the composition of
inflows into unemployment to control for changes in inflow heterogeneity.
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Recently, taking into account the achievements of duration analysis at the micro level, models of
unemployment duration based on aggregate unemployment data have been set up. These models
allow examination of the effect of macroeconomic conditions on unemployment duration. Their
reliability, however, is considerably limited because of the many functional form assumptions
they usually employ.

To avoid the restrictions inherent in parametric estimation, van den Berg and van Ours (1994,
1996) introduced a method of non-parametric estimation of duration models. Their model allows
distinguishing between individual duration dependence and unobserved heterogeneity. In general,
they find that unobserved heterogeneity plays a more important role than duration dependence in
the US.* Abbring et al. (2001, 2002) extend the model of van den Berg and van Ours to estimate
the effect of business cycles on unemployment incidence and duration in France and the US.
Moreover, their model is able to identify the cohort effect, i.e., the dependence of the individual
probability of leaving unemployment on the moment of inflow into unemployment. Turon (2003)
modifies the preceding models to allow in addition for individual duration dependence dependent
on the business cycle. She estimates the duration model using British quarterly data and finds the
individual exit rate highly sensitive to the business cycle. Cohort effects are also examined in
Cockx and Dejemeppe (2005) for Wallonia and in Dejemeppe (2005) for the whole of Belgium.

Empirical literature dealing with models of unemployment duration for the Czech Republic is
rare. Terrell and Sorm (1999) and Ham et al. (1998) estimate a model at the micro level for the
early transition period. Huitfeldt (1996) focuses on the aggregate level. However, he estimates
average unemployment duration under the steady-state assumption for unemployment and he
deals with the period covering the early transition only.” Next, Jurajda and Munich (2002) focus
on long-term unemployment over the last decade. They also examine the basic characteristics of
the short- and long-term unemployed. Finally, unemployment levels, flows into and out of
unemployment, and the evolution of vacancies for Eastern European countries are examined in
Munich and Svejnar (2007).

This paper extends the approaches used by the Czech National Bank for examination of wage
dynamics — the wage curve and the matching function.

Regarding the wage curve, Galuscak and Munich (2003) show that the inverse relationship
between the regional unemployment rate and the regional wage level is weakened by the presence
of a high fraction of the long-term unemployed. Therefore, an understanding of the development
of unemployment duration over time helps to refine the results based on the wage curve.

The matching function approach (Galuscak and Munich, 2007) relates the number of unemployed
persons who have found a new job depending on the number of vacancies and the unemployment
rate. Adding the aspect of unemployment duration leads to a more accurate assessment of the
inflationary pressures on wages, since the long-term unemployed affect wages in a different
manner then those unemployed temporarily. An attempt to incorporate the duration aspect into the
matching function is made in Munich (2001).

* Mixed results on the roles of individual duration dependence and unobserved heterogeneity are found by van
den Berg and van Ours (1994) for France, the Netherlands, and the United Kingdom.

> Sider (1985) shows that the steady-state assumption leads to misleading results in estimates of the average
duration.
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3. Models of Duration

In this section we introduce reduced form models of the individual hazard rate out of
unemployment and derive a system of non-linear equations for the aggregate duration data. We
work in a discrete time setting — the time period equals one quarter.

Model 1

Basically, we consider three models of individual duration. We start with the model introduced in
van den Berg and van Ours (1994, 1996), which serves as a basis for all subsequent models of
aggregate duration data.® The mixed proportional hazard model specification takes the following
form:

h(t,d,v) =y, (O, (d)v, (1

where h(t,d,v) denotes the probability that an individual leaves unemployment from a duration
category d (given that he has been unemployed for d periods) and conditional on his
unobservable characteristics vV and calendar time t. Function y,(t) represents the calendar time
dependence of the individual hazard rate and function y,(d) effect of duration of unemployment
on the individual hazard rate. More precisely, , (t) captures the effect of calendar time, which is
the same for all individuals who are unemployed at calendar time t, and ,(d) captures the effect
of duration, which is the same for all the unemployed with unemployment spells of d quarters,
i.e., for those who entered unemployment d quarters back.

The term capturing individual unobserved characteristics, Vv, is distributed according to a
distribution function G(V) that satisfies the following conditions:

4
G,(V)=G, (v-w,), where qu =1, )

a=1

where g denotes the quarter of inflow into unemployment. Introducing the quarterly factors w,
allows us to distinguish the effects of the quarter (seasonal effects) from other calendar time
effects (business cycle effects, secular trends).”

Model 2

Model 1 allows us to distinguish between individual duration dependence and unobserved
heterogeneity. Succeeding versions of the model (e.g. Abbring et al., 2001, 2002, and Turon,
2003) extend the original framework by introducing terms allowing the individual duration
dependence and heterogeneity distribution to be dependent on time-varying macroeconomic
conditions. Following Turon (2003), the assumed form of the individual hazard takes the form:

h(tadvv):WI (t)l//3(d:t)lﬂ4(t_d)v (3)

% The formal definition of the model and a discussion of identification issues can be found in van den Berg and
van Ours (1994, 1996) and Abbring (2001, 2002).

7 Unobserved characteristics are introduced in this general way because only moments of the distribution appear
in the resulting equations.
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The model specification newly includes the effect of duration on individual hazard, y,(d,t), and
a term reflecting the average quality of entrants into unemployment at the time of inflow,

y,(t—d).

The inflow composition effect captured by the term w,(t—d) represents the effect on the
individual hazard, which is the same for all the unemployed who entered unemployment at
calendar time t—d— the so-called cohort effect.® Model 2 is a parametric extension of the
benchmark model. As in Turon (2003) we assume the following functional form for y,(t—d): ’

w,(t—d)=A[bct-d)]". 4

The function bc(-) denotes the business cycle indicator, which captures macroeconomic
influences. So, depending on the particular business cycle indicator, the term y,(t—d) captures
the inflow composition effect of business cycle frequency or the inflow composition effect of
lower frequencies, e.g. the long-run effect of the economic transformation in the Czech Republic.
The indicators used are discussed in the section Data. The cohort effect could be equivalently
modeled using a more flexible functional specification in addition to the quarterly factors in
formula (2). Such an approach is pursued in Abbring et al. (2002).

In contrast to Model 1, effect of duration on individual hazard (y,(d,t)) is assumed to be
dependent on time-varying macroeconomic conditions. The assumed specification follows Turon

(2003):

w3(d,t)=f[[n?+ﬁjbc(t+1—j)], d=12,3.1" (5)
j=l1

Finally, the distribution of V satisfies the conditions stated in (2).

Several issues related to the introduction of time-varying macroeconomic dependencies into
duration models in the manner of Turon (2003) are worth noting. First, the profile of individual
duration dependence, represented by the ratios y,(d,t)/y,(d —1,t —1), depends on the particular
indicator of the business cycle. For Turon’s model specification it holds that

w,(d,t)

m =1y + Bybe(t). (6)

In the system of estimation equations (see the derivation below and Appendix A) coefficient 773
plays the role of an intercept. Therefore, 775 depends on the mean of the business cycle indicator.

¥ In the context of countries in transition, the inflow composition effect also captures structural changes
experienced by those economies, e.g. sudden inflows of the unemployed with a low re-employment probability
related to declines in some sectors (the mining industry etc.).

? Similarly to Turon (2003) we also test another specificationiy, = A -exp [a -be(t—d )] .
19 Since the individual duration dependence is described by the ratios of I/, the functional specification takes the

form of a product to enable the individual duration dependence to be described by a single number adjusted for
the business cycle effect, i.e., 77, + 3,bC(t) .
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So, while coefficient 3, remains unaffected by the choice of business cycle indicator, we lose the
straightforward interpretation of coefficient 7] as the individual duration dependence."'

The second important issue relates to the term capturing cohort effects, y/,. Abbring et al. (2002)
introduce a flexible specification of the inflow composition term, employing yearly dummies.
Their approach, however, suffers in the case of the Czech unemployment duration data from the
low number of observations that are used for the estimation of the yearly dummies. We observe
only 16 average hazard rates of the unemployed entering unemployment in a particular year (4
quarters and 4 duration categories), which leads to 12 ratios of hazards entering the estimation.
We, therefore, follow the parametric specification introduced in Turon (2003).

The interaction of the business cycle indicator with terms that are independent of the business
cycle is resolved in the following Model 2'.

Model 2'

In Model 2' we change the specification of the functions ¥, and y, to avoid the problems we
encounter in Model 2. We introduce dummy variables indicating two phases of the business cycle
(recession, boom) in a similar manner as seasonality (effects of the quarter of inflow) is accounted
for in Models 1 and 2. So, the individual hazard follows specification (3), with the term capturing
the individual duration dependence defined as

d
ACKHE N IEEFAICE (7)
i=1
where |(t) =1 in booms and 0 otherwise. The term capturing the inflow composition is defined as

w,(t—d)=B,1 (t—d)+B,l,(t—d), with B,B, =1, (8)

where | (t—d) and I (t—d) are indicators of recession (r) and boom (b) at the time of inflow,
respectively.'?

By restricting the range of the business cycle indicator values we confine our exploration to very
simple effects of the time-varying macroeconomic conditions. On the other hand, the coefficients
capturing the individual duration dependence are clearly defined. The construction of dummy
variables |, 1, and | is discussed in the section dealing with the data.

The identification of Models 1-2' is discussed in detail in Abbring et al. (2001, 2002) and the use
of dummies for phases of the business cycle to account for the cohort effect is suggested by van
den Berg and van Ours (1994).

! Imposing the mean of the business cycle indicator to be equal to zero does not help, since the indicator enters
the final system of non-linear equations also in the term capturing cohort effects.

"2 Note that the dummy variables |, and |, are complementary. The reason we include both in the formula is
that the term ¥/, has to be non-zero since it appears in the denominators in the system of estimation equations.

For both parameters to be identified, we assume By B, =1 because we finally estimate only the ratios of the two

parameters.
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Derivation of estimation equations

In this section the system of equations is derived. We start with the individual hazard rate
specification and we derive equations for aggregate hazards that can be computed from the
unemployment registry data. Finally, we derive ratios of aggregate hazards that allow us to
eliminate the term capturing calendar time effects, v, (t).

The unemployment registry data allows us to compute the probability that an individual with the
mean level of unobserved characteristics leaves unemployment from duration category d (d >0)
conditional on the time of entry into unemployment t-d:

_ prob(D =d |inflow at t—d)
prob(D >d |inflow att —d)’

ht,d) (9a)

where, following van den Berg and van Ours (1996), we denote by D the random variable
referring to unemployment duration and d realization of the random variable. In terms of
individual probabilities, (9a) can be rewritten as:

E, [ prob(D =d | inflow att—d,v)]
E,[prob(D >d |inflow att—d,v)]

h(t,d) = (9b)

The expected value is taken relative to the distribution of unobserved characteristics at t—d ,
G,_4(V) . The probabilities in (9b) can be expressed using individual hazard rates. For example,

d
prob(D =d |inflow at t—d,v) = h(t,d, W] [[1-ht —k,d —k,v)]. (9c)
k=1
Substituting (9¢) into (9b) and using the proportional hazard specification of Model 1 as in (1) we
obtain:
d
4 (t)‘//z (d)Ev {VH [1 —Y, (t - k)Wz (d - k)V]:|
h(t,d) = k] fort=12,..,T;d=0,1,2,3.  (10)

d
Ev {H[l 4 (t- k)'//z (d - k)V]}

k=1

Then, formulas for the ratios of average hazards h(t,d)/h(t,0),d =1,2,3 are derived, leading to
elimination of the term capturing the calendar time dependence.”® Finally, we take logarithms of
both sides of the derived equations and add disturbances that account for the specification error.
The resulting system of three nonlinear equations is stated in Appendix A. Note that the system in
Appendix A is derived for the general individual hazard specification (3).

" Note that the information on the calendar time dependence is in four average hazard rates only (for a particular
quarter there are only four average hazard rates available). By removing calendar time factor ¥/, (t) from the

system of equations we need not estimate those parameters based on information from a few observations only.
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The estimation equations obtained are of the following form:

ln(rr]n((tt ?)))j = ln[Hm (t)]+ln[HWtJ]+Q(72,---,7d+1,w4('),77k OW,).

j=t

The time-varying coefficients 77, (t) describe the shape of the individual duration dependence:

d,t)
t=n+ gbot)=—2@Y pdo123, 11
ny(t) =ny + Bybc(t) 1//3(d—1,'[—1) or (11)

If the impact of duration on the individual hazard rate diminishes over time
(v, (d = O,t) >, (d =1Lt+ 1) >...), 1.e., the probability of remaining in unemployment increases
because of the length of the unemployment spell, then we refer to it as negative duration
dependence and coefficient 7,(t) <1. Negative individual duration dependence can be a
consequence of supply factors (deterioration of human capital, effects of unemployment benefits,
etc.) and demand factors (stigma effects). The business cycle indicator in (11) reflects the impact
of time-varying macroeconomic conditions on the individual duration dependence.

In the Model 1 specification, the individual duration dependence is not time dependent, i.e.,
n, =y,(d)/y,(d -1). In Model 2', where the indicator bc(t) is replaced by the dummy variable
for booms, the coefficient 77; represents the individual duration dependence during recessions and
773 + [, represents that during booms. If the Blanchard and Diamond (1994) concept is in place,
the effect of duration is weakened during booms and 8, <0. Lockwood (1991) implies the
opposite effect of a boom and S, > 0.

Coefficients y, characterize the distribution of unobserved heterogeneity, G(V):

2 :i\ll}i,fori:2,3,4.

[E.{v)]

We assume that E, {V} =1. So, the coefficients y, are normalized moments of the heterogeneity
distribution. Unobserved heterogeneity is present in the pool of unemployment entrants if
var(V) >0, ie., y, >1. Furthermore, van den Berg and van Ours (1996) suggest specification
tests applicable to Models 1, 2, and 2'. The following restrictions for the coefficients representing
unobserved heterogeneity must hold to ensure the existence of distribution G(V) with a finite
number of points of support:

7,21, (12a)
V275 (12b)
Va¥a =V =Va=72 +27275 20. (12¢)
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If the unobserved characteristics v vary over individuals, then those with a higher level of v leave
unemployment earlier than those with a low level of v (in a particular quarter t from duration
category d). Consequently, the aggregate hazard rates decrease for higher duration categories.

The quarterly inflow effect on the heterogeneity distribution W, is defined as:

W= > wl,,

qe{1,2,3,4}

where | is an indicator of a particular quarter (i.e., I,, =1 if t equals a particular quarter) and
W, are quarterly factors satisfying the condition stated in (2). According to whether the value of
W, is lower or higher than 1, the number of new entrants into unemployment systematically
decreases or increases with respect to other quarters.

Finally, in Model 2', the term capturing the cohort effect, y,, includes coefficients B, and B,
representing the effect of macroeconomic conditions on the inflow composition. The hypothesis
that during recessions a proportionally higher fraction of the unemployed with a low re-
employment probability enters unemployment than in booms is introduced in Darby et al.
(1985)."* Such hypothesis implies B, >1 and B <1. In the Model 2 specification, the inflow
composition effect is captured by w,(t—d), defined in (4). Positive values of coefficient «
imply pro-cyclicality of inflows in terms of the re-employment probabilities of unemployment
entrants.

The system of nonlinear equations in Appendix A is estimated by non-linear seemingly unrelated
regression as in van den Berg and van Ours (1994, 1996). We assume that the errors are correlated
across equations and uncorrelated over time.

4. Data

There are two different sources of quarterly unemployment data for the Czech Republic — survey
data (LFS — Labor Force Survey) and registry data (UR — Unemployment Registry).

The LFS is survey of the population that is collected by the Czech Statistical Office following the
ILO definition of unemployment, i.e., a) an individual is without work (not in paid employment or
self-employment), b) currently available for work, and c) seeking work. The LFS data also
contains various individual characteristics that help us to assess the composition of inflows into
unemployment, e.g. the reason for leaving the last job.

The UR data set is collected by district labor offices and covers the period 1992:1-2007:1. It
contains all the unemployed that are registered at a labor office. Registering is a necessary
condition for receiving unemployment and numerous social benefits in the Czech Republic.

Note that the two data sets define unemployment somewhat differently. Since we attempt to
combine information from the two data sets, we compare the total level of unemployment
reported by each of them in Appendix B.

' See also Baker (1992) for an examination of this hypothesis employing US data.
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Model 2 employs various indicators of the business cycle to capture time-varying macroeconomic
conditions — the deseasonalized and detrended unemployment rate, the tightness of the labor
market (the ratio of the number of vacancies to the number of the unemployed), and the balances
of the confidence indicator for industry. The confidence indicator is constructed by the Czech
Statistical Office and is based on the expected development of the economy as revealed by firms’
managements.”> The confidence indicator is supposed to capture the effects of macroeconomic
conditions related to transition.

The dummy variables describing recessions and booms in Model 2' are constructed using the
business cycle indicators from Model 2. Booms are periods when the relevant indicator is above
trend and recessions are periods when it is below trend.

In Section 6 French registry data are employed. We combine aggregate quarterly unemployment
duration data used in Abbring et al. (2002) with quarterly data on inflows into the unemployment.
To enable the comparison of our estimates with those in Abbring et al. (2002) we consider the
same period i.e. 1983:1-1994:4. The data set of French quarterly data on duration and inflows was
kindly provided by Jaap H. Abbring.

5. Descriptive Analysis

In this section we decompose changes in unemployment into changes in unemployment inflows
and outflows. The aim of this exercise is to show that unemployment changes are not
predominantly driven either by inflow or by outflow changes.'® Analysis of unemployment
dynamics in the Czech Republic should, therefore, include both inflows and outflows.

The reason why we carry out the unemployment decomposition in levels is that using rates for
explaining changes in unemployment can be problematic. First, the inflow rate and outflow rate
are normalized by the number of employed and unemployed persons, respectively. Thus, changes
in rates are not directly comparable. Second, since the outflow rate is normalized by the number
of the unemployed, which depends on the inflow, movement in the outflow rate can be caused by
movement in inflow with the level of outflow being constant.

The demonstration of the important role of inflow and outflow changes in unemployment
fluctuations is followed by a descriptive analysis of inflows and outflows. Survey data are
employed for a simple inflow analysis based on examining the reasons for leaving the last job of
the newly unemployed. The analysis of outflows is built on an examination of unemployment
duration. Note that the inverse of the outflow rate equals the average duration of the
unemployment spell.

1% See details at http://www.czso.cz/eng/redakce.nsf/i/business_cycle_surveys.

'® An extensive discussion on the measurement of contributions of changes in inflow and outflow rates to the
unemployment cyclical variation is currently under way. See, for example, Shimer (2007), Fujita and Ramey
(2007), and Elsby et al. (2007).
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Statistical decomposition of unemployment changes

We start with a statistical decomposition of unemployment changes based on the accounting
identity:

AU, = Inflow, —Outflow, , (13)

so that the observed number of unemployed persons is the cumulative sum of net inflows plus the
initial number of unemployed persons.

Figure 1: Unemployment Inflow and Outflow (monthly) — levels
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Note: Time series are seasonally adjusted. Source: Czech UR data.

Figure 1 reports monthly inflows into and outflows from unemployment during the period April
1991 — May 2007. The difference between them indicates whether the number of unemployed
persons in a particular period changes because of a change in inflow, a change in outflow, or both.

So, for example, the growth of unemployment in 1997 was primarily caused by higher inflows,
not by lower outflows.

Figure 1 also suggests an interesting empirical regularity — outflows that closely follow inflows
with a lag of approximately a year. Regression of outflows on inflows lagged by 12 periods
(months) shows that more than 90% of the variation in outflow is explained by the lagged inflow.
A similar lag between inflow and outflow is observable, for example, in the UK (Burgess and
Turon, 2005). Duration analysis should help to explain this phenomenon.'’

7 Note that for Slovakia, for example, such regularity is not present.
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Unemployment inflows

Entrants into unemployment come from out of the labor market (OLM) or from employment (E).
Inflows from OLM have a lower share than inflows from employment. Gottvald (2005), based on
the Czech LFS data, shows that the transition probability from employment to unemployment is
approximately two times higher than transition from OLM to unemployment during the period
1993-2000 and even higher during the 1997-1999 recession. So, since the transition probabilities
are normalized by the number of individuals in OLM and in employment, the level of the flow
from OLM is even less important. We focus on inflows from employment only.

Regarding the unemployment inflows from employment, the LFS data set provides information
on the reason for leaving the last job. The next two figures report the shares of selected reasons
for leaving a job for those entering unemployment in a particular quarter. Figure 2 covers the
period 1994-2001 and Figure 3 the period 2002-2006, when the classification of the reasons for
leaving a job changed toward a more aggregated classification.

Figure 2 indicates that during the 1997-1999 recession the share of inflow into unemployment
from employment due to redundancy increases, while quits for family and health reasons
decrease. Interestingly, the number of all the unemployed caused by the closure of an enterprise
has not changed much. Due to the high level of aggregation of the reasons for leaving a job in
Figure 3 (e.g. the category of dismissed workers now aggregates redundancy, closure, and
dismissed workers from the previous classification), the shares do not exhibit trends, but a strong
seasonal pattern for all the reasons can be observed.

Figure 2: Shares of Selected Reasons for Leaving a Job of the Newly Unemployed, Czech
Republic, 1994-2001
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Figure 3: Shares of Selected Reasons for Leaving a Job of the Newly Unemployed, Czech
Republic, 2002-2006
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Unemployment duration

The duration analysis is built upon aggregate hazard rates out of unemployment h(t,d), i.e., the
average probability that an individual unemployed for d quarters in period t leaves unemployment
from duration category d. The registry data categorizes the number of unemployed persons into
four basic duration categories according to quarters. So, the first duration category “0—3” contains
the unemployed that have been unemployed for less than 3 months (d=0) at the end of a quarter.
Similarly, the other duration categories are “3—6” (d=1), “6-9” (d=2), and “9+” months (d=3).

The following figures show empirical hazard rates computed from the unemployment registry
data. Decreasing hazard rates in all duration categories over time can be observed. At the end of
the time period considered we can see a slight upsurge. Furthermore, the hazard rates decrease
with duration category, i.e., the hazards exhibit negative aggregate duration dependence.
Econometric analysis provides an explanation of whether the decreasing aggregate hazard rate
over the duration categories is a consequence of individual duration dependence, unobserved
heterogeneity, or both.

Figure 4: Hazard Rates by Duration Category, moving average of 5 observations, whole
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Hazard rates categorized by gender exhibit similar patterns in terms of aggregate duration
dependence (see Figure 5, which reports female hazards). Duration data by genders are available
since 1998:4 only. The probability of leaving unemployment is slightly higher for men than for
women for all duration categories.'®

Figure 5: Hazard Rates by Duration Category, moving average of 5 observations, women

0.6
0.5 W
0-4 +'|0_3||
"3_6"
0.3 1 S
"6-9"
o2 W T
0.1
O T T T T T T T T
5 8 & & & & & & 3
Q Q Q Q Q Q Q Q Q
83 &4 & &8 & & &8 48 &

Source: Own calculations based on UR data set.

6. Time Aggregation Bias

At the end of each quarter, labor offices publish the number of registered unemployed in each
duration category as at the last day of a given quarter. Therefore, those who leave unemployment
in the quarter of their inflow are not reported by the quarterly statistics. We denote this group of
the unemployed with very short unemployment spells as the omitted unemployed (OU)."

The OU group influences the aggregate hazard rate out of the “0—3” months duration category.
Neglecting the OU, the hazard computed as the simple outflow rate out of the “0-3” months
duration category, i.e.,

ut,"0—3"—u(t+1,"3-6")
u(t,uo_?)u)

; (14)

is lower than the hazard defined by equation (9a), which takes the OU into account.”’ Note that
u(t,d) denotes the number of unemployed persons in duration category d in quarter t. Also note

'® The average hazard rate for duration category “0-3” is 0.47 for women vs. 0.53 for men, that for duration
category “3—6” is 0.34 vs. 0.40, that for category “6-9” is 0.25 vs. 0.27, and finally that for duration category
“9+” 15 0.16 vs. 0.20. The averages are computed over the period 1998:4-2007:1.

' In some countries, unemployment exits have to last for three months in order to be recorded and the OU group
is empty (e.g. in Belgium, see Cockx and Dejemeppe, 2005). Nevertheless, for most countries the OU group is
non-negligible (e.g. France, the UK, and the Czech Republic).

%% The hazard rate defined in (14) is lower than the hazards defined in (9a) because the simple outflow rate takes
the outflow from duration category “0-3” in quarter t+1 only. The hazards in (9a) add the outflow that happens
also in quarter t.
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that the literature dealing with models of aggregate duration data employs the simple outflow rates
defined as in (14).*!

Nevertheless, the number of the OU can be easily disentangled from monthly statistics if
available: the sum of monthly unemployment inflows during the three months constituting a
quarter minus the unemployed reported in duration category “0-3” months in the quarterly data.
The next graph shows the sum of monthly unemployment inflows in a quarter, the number of
unemployed persons in duration category “0-3” at the end of the quarter, and the difference
between the two numbers as a share of inflows in 3 months.

Figure 6: Quarterly Inflows, number of unemployed persons in duration category “0-3”
months, difference
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Source: Czech quarterly and monthly UR data.

The average difference between the total quarterly inflows and the number of unemployed
persons reported in duration category “0-3” is approximately 32,000 before 1997 and more than
42,000 after the economic downturn in 1997-1999. So, around one third of the unemployed with a
spell of less than 3 months are not captured by the quarterly unemployment registry data.
Furthermore, the difference is not constant over time and exhibits a seasonal pattern.

Omitting the OU group results in upward bias of the coefficient capturing the individual duration
dependence from the first to the second quarter,7;,, because systematically lower individual
hazard rates out of duration category “0-3” lead to lower terms y,(0) and y,(0,t). If some kind
of stigma effect is present, i.e., firms treat, for example, those unemployed for less than two
months differently than those unemployed for longer spells, then models of aggregate quarterly
duration data cannot detect the stigma effect reflected by negative individual duration
dependence, since a lot of non-stigmatized unemployed persons do not appear in the quarterly
data. So, time aggregation can result in bias leading to wrong conclusions and misleading policy

! Other concepts related to the elaboration of unemployment dynamics, however, take the time aggregation

issue into account. Aggregation bias in the matching function approach is discussed, for example, in Galuscak
and Munich (2007).
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recommendations. Since the hazard rates h(t,0) enter the right-hand side of each equation of the
estimation system, ignoring the OU affects the estimates of the other coefficients as well.

The upward bias in the individual duration dependence could be avoided by employing models
based on micro level (individual) data and thus by tracing individuals over their whole
unemployment spell. Micro data, however, do not usually cover a sufficiently long time span for
examining the effects of time-varying macroeconomic conditions.**

In addition to the bias in the individual duration dependence estimates, the change in the
number of the OU affects the estimates of the term controlling for the inflow composition
(y,(t—d)) and the compositional inflow effect of a season. Since the number of the OU
differs over time, as shown in Figure 6, the estimation results of the model employing simple
outflow rates lead to spurious dependence of the average quality of unemployment inflow on
time-varying macroeconomic conditions. In booms, the unemployed with a high hazard rate
face a lower probability of being reported by the quarterly data than in recessions. Therefore,
the counter-cyclicality of the average quality of unemployment entrants could be a
consequence of time aggregation bias. Indeed, strong counter-cyclicality is found, for
example, in Turon (2003), who employs quarterly data. Abbring et al. (2001) use monthly
data and find pro-cyclicality of the inflow composition. The OU group is negligible (or zero if
it takes a month to leave the unemployment registry) in the monthly data relative to the
quarterly data. The effect of time aggregation should, therefore, be stronger in the case of the
quarterly data. Finally, Cockx and Dejemeppe (2005) detect acyclicality for prime aged
workers using quarterly data for Wallonia (Belgium), where it takes three months to leave the
pool of the unemployed, i.e., the problem of time aggregation is not present. Similarly to the
spurious cohort effect, seasonality in the number of the OU could lead to wrong conclusions
about the effects of season on the inflow composition.

To verify the above theoretical considerations on the effects of time aggregation in discrete time
models of aggregate duration data, we estimate Model 1 both with and without the OU group. We
take the data set of French aggregate quarterly unemployment duration data used in Abbring et al.
(2002).* First, we estimate Model 1 using the same hazard rates as in Abbring et al. (2002). The
hazard rates are constructed as in equation (14) and cover the period 1983:1-1994:4.

Both Model 1 and the model in Abbring et al. (2002) detect a non-monotonic profile of the
individual duration dependence for both sexes — see the estimation results in Table 1.>* Second,
since the French unemployment registry data include information on monthly inflows we compute
hazard rates that take into account the OU group and estimate Model 1 again. Table 2 shows that

22 Van den Berg and van der Klaauw (2001) combine micro and macro unemployment data in order to exploit
the advantages of the respective data sources. Using monthly micro data and quarterly aggregate data they
weaken the effect of time aggregation bias. However, they assume that the micro data represents samples of
aggregate quarterly hazard rates differing by a zero mean random error. As shown in Appendix 2, the difference
between the survey (micro) and administrative (macro) unemployment data can have non-systematic character
and the assumption underlying the combination of micro and macro data need not be appropriate for the Czech
Republic.

 The data set was kindly provided by Jaap H. Abbring.

** The differences in the estimation results are due to the fact that Abbring et al. (2001) estimate a slightly
different model with yearly and seasonal dummies to capture time-varying macroeconomic influences.
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including the OU changes the estimates toward monotonic (and strictly negative for men)
individual duration dependence.

Table 1: Individual Duration Dependence in Model 1 and Abbring et al. (2002) by sex, French
data without OU, 1983:1-1994:4

Model 1 Abbring et al. (2002)

Women Men Women Men

m 1.14 1.06 1.17 1.08
Up) 1.01 0.99 0.89 0.91
s 1.07 1.00 1.03 0.96

Source: Own computations and Abbring et al. (2002).

Table 2: Individual Duration Dependence in Model 1 by sex, French data with and without
OU, 1983:1-1994:4

Hazards with OU Hazards without OU

Women Men Women Men
m 0.64 0.65 1.14 1.06
m, 0.90 0.92 1.01 0.99
U 1.01 0.95 1.07 1.00

We demonstrated that ignoring the OU in models of aggregate duration data leads to a conclusion
of non-negative individual duration dependence. So, the implication that the aggregate negative
duration dependence is caused by unobserved heterogeneity is misleading. Taking into account
the OU suggests negative individual duration dependence. For the Czech Republic, the effect of
time aggregation is demonstrated in the section dealing with the estimation results.

Finally, it is worth noting that time aggregation bias is not a problem of simple measurement
error. Abbring et al. (2002) accounts for the measurement error (e.g. administrative errors) by
assuming that the real number of the unemployed in duration category d at calendar time t equals
the observed number multiplied by the normally distributed disturbance with zero mean:

U(d,ty=U(d,t)e,,.

However, time aggregation bias represents a systematic change in the number of the unemployed.
Therefore, the problem of bias is not resolved by accounting for the simple form of the
measurement error.

7. Estimation Results

In this section, the estimation results for the Czech Republic are presented. We start with the
results for the whole period 1992:2-2007:1 and model specifications 1, 2, and 2'. The estimation
period is then restricted based on the results of the specification tests. Then we deal with men and
women separately. Finally, the effects of time aggregation for the Czech Republic are
demonstrated.
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The estimation results of Models 1, 2, and 2' for all the unemployed and the period 1992:2-2007:1
are reported in Table 1. The hazard rates are computed taking into account the OU group. In
general, the estimated coefficients for the three model specifications are not statistically different.
Therefore, in what follows we focus mainly on the most general model specification of Model 2'.

Table 3: Estimation Results of Models 1, 2, 2*, whole population, period 1992:2-2007:1

Model 1 Model 2 Model 2!

Individual duration 7 0.79 0.79 0.78
dependence ' ' '

0.03 0.02 0.03

m, 0.71 0.72 0.69

0.03 0.03 0.03

73 0.59 0.64 0.59

0.02 0.03 0.03

Effect of time-varying B ) 0.17 0.03

macroeconomic ) 0.08 0.02
conditions on individual ) ’

duration dependence B, - 0.11 0.04

- 0.13 0.03

P - -0.28 -0.01

- 0.10 0.03

Unobserved 72 1.05 1.08 1.05

heterogeneity 0.02 0.02 0.02

73 1.23 1.29 1.22

0.07 0.08 0.07

n 1.64 1.64 1.61

0.22 0.22 0.22

Seasonal inflow effect W, 1.03 1.04 1.04

0.02 0.02 0.02

W, 0.99 0.97 0.98

0.02 0.02 0.02

Wi 1.01 1.02 1.01

0.02 0.02 0.02

W, 0.97 0.98 0.97

0.02 0.02 0.02
Effect of time-varying a - -0.03 -
macroeconomic - 0.03 -

conditions on inflow B, ) ) 1.02
composition (cohort '

effect) - - 0.01

B, - - 0.98

- - 0.01

Note: Standard errors reported below the coefficient estimate. Bold indicates coefficients significantly
different from 1 (all sections except Effect of macroeconomic conditions on individual duration
dependence, where bold indicates coefficients different from zero). 95% level of significance
considered. Tightness of the labor market as a business cycle indicator is used for Model 2.
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We observe a strong negative individual duration dependence over all the duration categories
considered (coefficients 77,,d =1,2,3 are significantly lower than 1). Moreover, the decrease is
more profound as the duration category increases. So, the probability of finding a job decreases
with increasing duration and the decrease accelerates during the year when an individual is
unemployed. As discussed above, this could be a consequence of, for example, a deterioration of
human capital (supply side) or some kind of stigma effects (demand side).” Since the coefficients
B, are statistically insignificant, the individual duration dependence does not change with the
time-varying macroeconomic conditions represented by the dummy variables for phases of the
business cycle.?

The third panel of Table 3 shows that unobserved heterogeneity is also present (, >1). So, the
observed aggregate duration dependence (Figures 4 and 5) is caused by both individual duration
dependence and unobserved heterogeneity.

We also detect a seasonal effect of the inflow composition — coefficients W, and w,are
statistically different from 1 (fourth panel of Table 3). So, those entering unemployment in the
first quarter (January—March) are on average of higher quality (on average more successful in
finding a new job and leaving a particular duration category) than those entering unemployment in
the preceding quarter (October—December). In Figures 2 and 3, a strong seasonal pattern can be
observed for the share of the newly unemployed who terminate their job because of family
reasons (pregnancy, maternity leave, serious disease of a family member, etc.) and health reasons.
The share is regularly lowest in the first quarters of the year. If we assume that the population
leaving employment for family and health reasons exhibits low hazards on average, its under-
representation in the group of fresh unemployment entrants indicates that this group of the
unemployed has higher re-employment probabilities.

Finally note that no effect of time-varying macroeconomic conditions on the inflow composition
is detected, i.e., the coefficients on the dummies for boom B, and recession B, are not
statistically different from 1. The use of several business cycle indicators (Model 2) and dummy
variables (Model 2') that we introduced in the section Data leaves the results unchanged. So, the
cohort effect driven by macroeconomic conditions is not present.

We conduct the specification tests introduced in (12a)—(12c). The first two restrictions (12a) and
(12b) cannot be rejected at all conventional significance levels for all duration models. The same
is not true for the third restriction (12c). Residual analysis suggests a positive correlation between
the residuals across equations in a particular period. The autocorrelation test (Durbin-Watson)
does not detect any problem with residual autocorrelation. The data fit is very good (based on the
pseudo-R? measure).

% The negative duration dependence may also be, on the supply side, a consequence of decreasing motivation to
search for a new job. On the effects of taxes and benefits on the unemployed and labor market flows in the
Czech Republic, see Galuscak and Pavel (2007).

%6 The effect of time-varying macroeconomic conditions on individual duration dependence is detected by Model
2. It follows that during booms the negative individual duration dependence is not so strong for the unemployed
in their first and second quarters of unemployment. On the other hand, the negative duration dependence is
stronger in booms for those with unemployment spells of three and four quarters. So, Lockwood’s (1991)
concept of viewing the long-term unemployed as low productivity types during booms by hiring firms occurs in
the Czech Republic.
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Regarding parameter stability (which is examined for countries that have experienced structural
changes) we estimate Model 2' over a rolling window of 32 observations. The resulting 26 values
for the selected parameters and the 95% confidence intervals are shown in the following figures.”’

Figure 7: Evolution of Parameters Estimated Over a Rolling Window of 32 Observations
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The figures indicate parameter instability for almost all the parameters displayed. Furthermore,
the figures suggest evolution of the coefficients over time. For example, the strong negative
individual duration dependence from the first to second quarter of unemployment is weakening
over time according to the first panel of Figure 7.* In general, we observe a falling impact of
individual duration dependence and higher unobserved heterogeneity (an increase in parameter
7, reflecting the variance of the heterogeneity distribution). So, the source of observed negative
aggregate duration dependence shifts towards the unobserved heterogeneity which is the case in
continental Europe and the US. In the UK, the aggregate duration dependence stems mainly from
the individual duration dependence.

" We report the series for parameters that exhibit significant changes or are of main interest in this study.

* One could, for example, relate the switch from negative to neutral (positive) individual duration dependence
from the first to second quarter of unemployment to the evolution of the system of unemployment benefits in the
Czech Republic, which is often viewed as being not sufficiently motivating for job search in recent years.
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If the parameter instability of coefficients y, is considered with respect to the specification tests
stated in (12a)—(12c), the problems are detected at the beginning of the sample period. The
estimate of y, is significantly lower than one for the first 10 values. There is no distribution
function with positive support with such moment.” The specification problems could be a
consequence of outliers in the hazard rates in 1994. So, we estimate Model 2' on sub-sample
1995:1-2007:1. The results are reported in Table 4.

Table 4: Estimation Results of Model 2°, all unemployed, period 1995:1-2007:1

Individual duration dependence

m mn, UE
0.87 0.69 0.60
0.04 0.05 0.04

Effect of time-varying macroeconomic
conditions on individual duration dependence

ﬂl ﬂ2 ﬂ3
-0.05 0.05 0.01
0.03 0.04 0.04
Unobserved heterogeneity
V2 V3 V4
1.09 1.36 1.97
0.03 0.09 0.32
Seasonal inflow effect
w, w, W, w,
1.04 0.99 1.02 0.95
0.02 0.02 0.02 0.01

Effect of time-varying macroeconomic
conditions on inflow (cohort effect)

Bb Br
0.99 1.01
0.01 0.01

Note: Standard errors reported below the coefficient estimate. Bold indicates coefficients significantly
different from 1 (all sections except Effect of macroeconomic conditions on individual duration
dependence, where bold indicates coefficients different from zero). 95% level of significance
considered.

The coefficients change in the direction suggested by Figure 7, with an increasing role of
unobserved heterogeneity and a decreasing role of individual duration dependence. The
interpretation, however, does not change qualitatively.

The next table reports the results separately for men and women. Since the data categorized by
sex are available only since 1998, we focus on sub-period 1998:4-2007:1.

* Note that 7; are normalized ith moments of the distribution and we assume the mean of the distribution to

equal 1. So, ¥, less than 1 implies a negative variance of the distribution.
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Table 5: Estimation Results of Model 2' by sex, period 1998:4-2007:1

Individual duration dependence

Men Women
Un , g Un m, g
1.17 0.98 0.71 1.00 0.92 0.80
0.07 0.10 0.14 0.08 0.10 0.06
Effect of time-varying macroeconomic conditions on individual duration dependence
Men Women
B B, B, B B, P
0.00 0.14 0.01 0.06 0.06 -0.08
0.05 0.07 0.13 0.04 0.07 0.06
Unobserved heterogeneity
Men Women
V> V3 V4 V> V3 V4
131 1.87 2.77 1.35 2.06 3.30
0.03 0.07 0.19 0.05 0.18 0.55
Seasonal inflow effect
Men Women
w, W, W, w, w, W, W, W,
1.00 0.90 1.23 0.91 1.12 0.98 1.06 0.86
0.04 0.03 0.05 0.03 0.03 0.02 0.03 0.02
Effect of time-varying macroeconomic conditions on inflow (cohort effect)
Men Women
B, B, B, B,
1.00 1.00 1.02 0.98
0.03 0.03 0.02 0.02

Note: Standard errors reported below the coefficient estimate. Bold indicates coefficients significantly
different from 1 (all sections except Effect of macroeconomic conditions on individual duration
dependence, where bold indicates coefficients different from zero). 95% level of significance
considered.

In general, the estimated coefficients do not differ between men and women. The only exception
is the positive individual duration dependence from the first to second quarter of unemployment
for men and the neutral individual duration dependence for women for that duration category. The
magnitudes of the coefficients are in accordance with the results for the population of all the

unemployed as they are involved in the rolling window estimation.*

Time aggregation bias

In this subsection, we briefly discuss the effect of time aggregation for the Czech Republic
similarly to the case of France in the previous section. In addition to the estimation results that are
implied by the hazards where the OU are taken into account, we estimate Models 1, 2, and 2' for
the hazards neglecting the OU. The data fit of the models employing hazards without the OU is
worse than that of the models based on hazards with the OU. Also, the residual autocorrelation
tests perform worse in the case of hazards without the OU. The results are shown in Table 6.

3% The length of the period we focus on in the case of men and women is close to the 32 observations window
and thus the results for both men and women relate approximately to the last point of the graphs in Figure 7.
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Table 6: Time Aggregation Bias — different estimation results for hazards with and without OU,
1995:1-2007:1, all unemployed

Model 1 Model 2 Model 2'
W/out With W/out With W/out With
Hazard: (0]8] (0]8] (0] 0]8) (0)9] OouU
Individual duration dependence T 126 083 126 085 133 0.87

0.05 0.04 0.05 0.03 0.07 0.04

7, 080 074 078 078 074 0.69
0.04 004 005 0.04 0.05 0.05

7, 065 060 067 070 0.70 0.60
0.02 002 0.03 003 0.04 0.04

Effect of time-varying macroeconomic yii . ) 002 044 -0.08 -0.05

conditions on individual duration ) i 018 014 005 003
dependence

I - 015 035 008 005

- - 0.15 020 0.04 0.04

By - -0.16 -0.23 -0.07 0.1

- - 0.12 0.1 0.04 0.04

Unobserved heterogeneity > 125 1.09 124 118 127 1.09

0.04 003 006 0.03 005 0.03

73 196 131 186 153 203 1.36
0.14 0.10 022 0.10 0.15 0.09

74+ 368 180 328 209 397 197
037 032 058 025 039 032

Seasonal inflow effect Wi 096 1.04 096 1.05 096 1.04
0.02 0.02 0.02 0.02 0.02 0.02

W, 1.01 099 099 09 1.00 0.99
0.02 002 003 002 0.02 0.02

3 1.04 1.02 1.05 106 1.04 1.02
0.02 002 003 002 0.02 0.02

W, 1.00 095 100 094 099 0.95
0.02 001 002 001 0.02 0.01

Effect of time-varying macroeconomic a - - -0.43  -0.23 - -
conditions on inflow composition - - 0.17 0.13 - -
(cohort effect)
B, . - - - 100 099
- - - - 0.01 0.01
B . - - - 100 101
- - - - 0.01 0.01

Note: Standard errors reported below the coefficient estimate. Bold indicates coefficients significantly
different from 1 (all sections except Effect of macroeconomic conditions on individual duration
dependence, where bold indicates coefficients different from zero). 95% level of significance
considered. Tightness of the labor market as a business cycle indicator is used for Model 2.

Table 6 demonstrates almost all the wrong results that could be caused by time aggregation in
discrete time models of aggregate duration data. First, ignoring the OU results in reporting a
positive (7, >1) instead of negative (77, <1) individual duration dependence for the first two
duration categories, as one can observe from the first row of the table. As a consequence, models



Time Aggregation Bias in Discrete Time Models of Aggregate Duration Data 27

based on the hazards without the OU provide higher estimates of unobserved heterogeneity (7, ),
since both data sets have to explain the same observed negative aggregate duration dependence.

Second, ignoring the OU in the hazard rates can also cause non-detection of the effect of season
on the quality of the inflow into unemployment, especially when the seasonal inflow effects are
driven by those who leave unemployment before the end of their first quarter of unemployment.
Table 6 shows that models employing the hazards with the OU do not detect seasonality in inflow
composition, while models with the OU hazards do.’'

Finally, the effect of time-varying macroeconomic conditions on the inflow composition is
detected by Model 2 using hazards neglecting the OU. The negative coefficient ¢ suggests that in
booms the quality of unemployment entrants decreases. Based on the hazards with the OU, such
effect is not statistically significant. As we discussed in the previous section, this is a result of the
fact that data ignoring the OU do not capture the high quality unemployed, who leave
unemployment before the end of quarter more probably in booms than in recessions.

To assess the possible biases caused by the time aggregation, Table 7 reports the average
percentage share of the unemployed that are unemployed for less than one month in selected
countries for the year 2004. The table suggests how severe the problem of time aggregation bias
can be regarding other countries. The share of the very short-term unemployed relates to the
number of those who are not depicted by quarterly data if collected as at the last day of the
quarter. Table 7 shows that the Czech Republic belongs to the group of countries with a low share
of the very short-term unemployed. Therefore, the problem of biased results is even more
profound for other countries.

Table 7: Share of Unemployed with Duration Less than 1 Month (%), 2004

Czech Republic 5.0
Hungary 53
Poland 6.5
Slovakia 6.1
EUI1S5 7.2
OECD 14.7
United States 33.1
Japan 16.9

Source: OECD Statistics.
http://www.oecd.org/document/15/0,3343.fr 21571361 33915056 _38938959 1 1 1 _1,00.html

3! Indeed, the time series of the number of unemployed persons in the duration category “0-3" months without
the OU exhibit lower seasonality that the time series capturing the OU group.
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8. Conclusions

In this paper, the unemployment dynamics in the Czech Republic over the period 1992-2007 are
explored through aggregate unemployment duration data analysis. We exploit the existence of
data on monthly inflows into unemployment and, contrary to previous studies, we are able to
account for time aggregation bias. The bias is caused by the fact that a fraction of the very short-
term unemployed do not appear in the unemployment registry quarterly data on the number of
unemployed persons in the duration category of less than 3 months. We show that ignoring this
group of the unemployed leads to upward bias in individual duration dependence, spurious
counter-cyclicality of the average quality of entrants into unemployment, and spurious seasonal
effects, and show the presence of these biases on empirical data for France and the Czech
Republic.

The estimation results suggest that the coefficients describing unemployment duration change
over time significantly. We observe a high impact of negative individual duration dependence in
the 1990s in the Czech Republic. At the beginning of the 2000s the impact of individual duration
dependence is dampened and unobserved heterogeneity strengthens its role. So, the source of the
observed negative aggregate duration dependence shifts from individual duration dependence
toward unobserved heterogeneity, approaching the situation experienced by the Western European
countries (except the UK).

In general, we do not detect significant influences of time-varying macroeconomic conditions on
unemployment duration (on individual duration dependence and inflow composition). There are
two possible reasons underlying such a conclusion. First, there really are no significant effects of
macroeconomic conditions of business cycle frequency on outflows. Second, our indicators of the
time-varying macroeconomic conditions do not capture the evolution of the economy sufficiently
to uncover links between the macroeconomic conditions and unemployment duration. The models
of aggregate duration data employed in this paper can detect effects of time-varying conditions of
a frequency equal to the frequency of the chosen indicators. Secular trends, for example, are
eliminated in the system of estimation equations.

On the other hand, analysis of the reason for leaving a job for the newly unemployed suggests a
link between the time-varying macroeconomic conditions and the shares of reasons for job
termination (a decrease in quits from a job and an increase in terminations due to redundancy
during the 1997-1999 recession). However, this link is difficult to examine further because of the
new highly aggregated classification of the reasons for leaving a job used in the Czech LFS data
since 2002.



Time Aggregation Bias in Discrete Time Models of Aggregate Duration Data 29

References

ABBRING J. H., G. J. VAN DEN BERG, AND J. C. VAN OURS (2001): “Business Cycles and
Compositional Variations in U.S. Unemployment.” Journal of Business and Economic
Statistics, 19, 436-448.

ABBRING J. H., G. J. VAN DEN BERG, AND J. C. VAN OURS (2002): “The Anatomy of
Unemployment Dynamics.” European Economic Review, 46, 1785-1824.

ABRAHAM K. G. AND R. SHIMER (2001): “Changes in Unemployment Duration and Labor Force
Attachment.” NBER Working Paper, No. 8513.

BAKER M. (1992): “Unemployment Duration: Compositional Effects and Cyclical Variability.”
American Economic Review, 82(1), 313-321.

BLANCHARD O. AND P. DIAMOND (1994): “Ranking, Unemployment Duration, and Wages.”
Review of Economic Studies, 61, 417-434.

BURGESS S. AND H. TURON (2005): “Unemployment Dynamics in Britain.” The Economic
Journal, 115, 423-448.

CAMPBELL C. M. AND J. V. DUCA (2007): “The Impact of Evolving Labor Practices and
Demographics on U.S. Inflation and Unemployment.” Federal Reserve Bank of Dallas
Working Paper, No. 0702.

Cockx B. AND M. DEJEMEPPE (2005): “Duration Dependence in the Exit Rate out of
Unemployment in Belgium. Is it True or Spurious?” Journal of Applied Econometrics, 20,
1-23.

DEJEMEPPE M. (2005): “A Complete Decomposition of Unemployment Dynamics using
Longitudinal Grouped Duration Data.” Oxford Bulletin of Economics and Statistics, 67(1),
47-70.

DARBY M. R., J. HALTIWANGER J., AND M. PLANT (1985): “Unemployment Rate Dynamics and
Persistent Unemployment under Rational Expectations.” American Economic Review, 75,
614-637.

ELSBY M., R. MICHAELS, AND G. SOLON (2007): “The Ins and Outs of Cyclical Unemployment.”
NBER Working Paper, No. 12853.

FuJitA S. AND G. RAMEY (2007): “Reassessing the Shimer Facts.” Federal Reserve Bank of
Philadelphia Working Paper, No. 07-2.

GALUSCAK K. AND D. MUNICH (2003): “Microfoundations of the Wage Inflation in the Czech
Republic.” CNB WP No. 1/2003.

GALUSCAK K. AND D. MUNICH (2007): “Structural and Cyclical Unemployment: What Can We
Derive from the Matching Function?” Czech Journal of Economy and Finance, 57(3-4),
102-125.

GALUSCAK K. AND J. PAVEL (2007): “Unemployment and Inactivity Traps in the Czech
Republic: Incentive Effects of Policies.” CNB WP No. 9/2007.

GOTTVALD J. (2005): “Czech Labor Market Flows 1993-2003.” Czech Journal of Economics and
Finance, 55(1-2), 41-53.



30 Michal Franta

Hawm J. C., J. SVEINAR, AND K. TERRELL (1998): “Unemployment and the Social Safety Net
during Transitions to a Market Economy: Evidence from the Czech and Slovak
Republics.” The American Economic Review, 88(5), 1117-1142.

HUITFELDT H. (1996): “Unemployment and Labour Market Transition in the Czech Republic:
Evidence from Micro-data.” Uppsala University Working Paper Series, No. 5.

HURNIK, J. AND D. NAVRATIL (2004): “Labour Market Performance and Macroeconomic Policy:
The Time-Varying NAIRU in the Czech Republic.” in Flek, V. “Anatomy of the Czech
Labour Market: From Over-Employment to Under-Employment in Ten Years?. CNB WP
No. 7/2004.

JURAIDA S. AND D. MUNICH. (2002): “Understanding Czech Long-Term Unemployment.”
William Davidson Working Paper, No. 498.

LLAUDES R. (2005): “The Phillips Curve and Long-term Unemployment.” ECB Working Paper
Series, No. 441, European Central Bank.

LockwooD B. (1991): “Information Externalities in the Labour Market and the Duration of
Unemployment.” Review of Economic Studies, 58, 733-753.

MACHIN S. AND A. MANNING (1999): “The Causes and Consequences of Long Term
Unemployment in Europe.” Handbook of Labor Economics, Vol. 3, Elsevier, Amsterdam.

MUNICH D. (2001): “Job-seekers Matching and Duration of Unemployment in Transition.”
CERGE-EI Discussion Paper, 2001 — 77.

MUNICH D. AND J. SVEINAR (2007): “Unemployment in East and West Europe.” Labour
Economics, 14(4), 681-694.

ROSHOLM M. (2001): “Cyclical Variations in Unemployment Duration.” Journal of Population
Economics, 14, 173-191.

SHIMER R. (2007): “Reassessing the Ins and Outs of Unemployment.” NBER Working Paper, No.
13421.

SIDER H. (1985): “Unemployment Duration and Incidence: 1962—82.” The American Economic
Review, 75(3), 461-472.

TERRELL K. AND V. SORM (1999): “Labor Market Policies and Unemployment in the Czech
Republic.” Journal of Comparative Economics, 27(1), 33—60.

TURON H. (2003): “Inflow Composition, Duration Dependence and their Impact on the
Unemployment Outflow Rate.” Oxford Bulletin of Economics and Statistics, 65(1), 35-47.

VAN DEN BERG G. J. AND B. VAN DER KLAAUW (2001): “Combining Micro and Macro
Unemployment Duration Data.” Journal of Econometrics, 102, 271-309.

VAN DEN BERG G. J. AND J. C. VAN OURS (1996): “Unemployment Dynamics and Duration
Dependence.” Journal of Labor Economics, 14(1), 100—-125.

VAN DEN BERG G. J. AND J. C. VAN OURS (1994): “Unemployment Dynamics and Duration
Dependence in France, the Netherlands and the United Kingdom.” The Economic Journal,
104, 432-443.

VERHO J. (2005): “Unemployment Duration and Business Cycles in Finland.” Labour Institute for
Economic Research Discussion Paper, No. 214.



Time Aggregation Bias in Discrete Time Models of Aggregate Duration Data 31

Appendix A: Estimation Equations

In this section we state the system of equations for the ratios of aggregate hazard rates. The
system of equations is an extension of the system introduced in van den Berg and van Ours
(1994). The extension concerns the possibility of variation in inflow composition and individual
duration dependence.
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Appendix B: Descriptive Analysis of Differences between Labor Force
Survey (LFS) and Unemployment Registry (UR) Data

The comparison of the level of unemployment reported by the LFS and UR data sets is captured
by Figure B1. We observe that UR unemployment was lower than LFS unemployment in the
period 1992—-1997. Subsequently, the two measures attained similar levels, and finally UR
unemployment has been higher than LFS unemployment since 2001.*

Figure B1: Number of Unemployed Reported by the LFS and UR Data Sets, Czech Republic,
1992:1-2007:1
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The following figures report the numbers of unemployed persons in different duration categories
according to the LFS and UR data sets.
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32 The described differences are statistically significant. Computation of the 95% confidence intervals for the
values reported by the LFS data set suggests that the relative magnitude of the two series does not change even
when confidence bounds are taken into account.
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The figures suggest that all duration classes contribute to the rise in the number of unemployed
persons in the UR data over the LFS data. The moment of switch of the number of UR
unemployed from below to above the LFS unemployed shifts over time with respect to the

duration class we consider.
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There are a lot of possible explanations of why the two data sets differ in the numbers of
unemployed persons — it takes time between losing a job (LFS) and registering at a labor office
(UR) (Munich and Jurajda, 2002), people start to register at labor offices even if they move to
another job and they stay unemployed for a few months only, some of the unemployed work even
though they are registered at a labor office and therefore they do not appear in the LFS as
unemployed, etc. Nevertheless, it is beyond the scope of the paper to identify the source of the
different numbers in the survey and unemployment registry data.
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