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1 Introduction

Numerous empirical studies record descriptive micro-data evidence on the evolution of
wages and employment measures; see the survey article of Katz and Autor (1999). To
capture the heterogeneity of labor, authors usually undertake a grouping into different
classes based on observed covariates like age and sex of employees or on the basis of
job characteristics. Available studies typically report considerable wage dispersion both
between and within adequately defined classes. Variation over time yet generates another
important dimension of heterogeneity.

Particular attention is given to skill wage premia and the evolution of skill-specific em-
ployment. As a stylized fact, the unemployment rate is the higher the lower the (formal)
qualificational level of the employees. In West Germany, for example, the respective rates
for employees without a vocational degree, for those with, and for those with a university
degree were 19.4%, 5.7%, and 2.6% in the year 2000.1

Rigidity of the wage structure is often referred to as a major cause for the different
degrees of incidence of unemployment; compare, e. g., Fitzenberger and Franz (2001). As
elaborated in the discussion about employment impacts of skill-biased technical change
(SBTC; see Katz and Autor, 1999, Acemoglu, 2002), relative demand for low-skilled labor
decreases faster over time than does relative supply. In line with neoclassical demand
theory (Hamermesh, 1993), market clearing would in this case require an increase of
qualificational wage differentials.

Despite the popularity and plausibility of this hypothesis an empirical operationalization
of the interrelation between wage structure and employment that goes beyond mere de-
scriptive evidence proves difficult due to the heterogeneity of labor, among other things.
Conventional empirical analyses of qualificational labor demand typically take into ac-
count only a small number of homogeneous skill groups—mostly not more than three; cf.
the surveys in Hamermesh (1993) and Katz and Autor (1999) and for Germany, e. g., the
studies of Fitzenberger (1999), Steiner and Wagner (1998b), or Falk and Koebel (1999,
2002). These approaches are often justified in light of the fact that satisfactory solutions
to the problem of aggregation do not exist.2 Also, standard approaches based on cost-
minimizing behavior like flexible translog systems, which allow for a larger number of
factors, quickly become impracticable.

Based on US data, Katz and Murphy (1992) analyze wage differentials between high school
and college graduates in the context of supply and demand effects. A CES model proves
compatible with the developments of wage premia and employment over time. These are
consistent with the labor market entry of young and the exit of older birth cohorts on the
one hand and an increase in average educational attainment on the other. The literature
interprets these trends as a race between changes in the skill structure of labor supply and
that of labor demand; cf., for example, Johnson (1997) and Topel (1997), Machin (2002).
However, in addition to the variation of skills between different cohorts, human capital
endowments also change with age. Whereas increasing labor market experience and job

1Cf. Reinberg and Hummel (2002), p. 27.
2For discussions of the problem of aggregation in the context of labor demand estimations see, e. g.,

Koebel (2003) and Katz and Autor (1999).
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tenure augment human capital stocks with age, skill-biased and accelerating structural
change might invalidate individual endowments of older workers. Freeman (1979) and
Welch (1979) thus account for imperfect substitutability between workers of different age
by means of CES technologies for workers from discrete age or “career phase” groups.

Card and Lemieux’s (2001) investigation using US, UK, and Canadian data reconciles
the analysis of Katz and Murphy (1992) with those of Freeman (1979) and Welch (1979).
In a set-up which uses the nested CES model developed by Sato (1967) the simultaneous
inclusion of skill and age as dimensions of heterogeneity not only enables the separation
of age, time, and cohort effects, but also facilitates the estimation of a specification with a
relatively large number of different input factors. The estimation strategy undertaken in
particular yields elasticities of substitution both between high school and college graduates
and between workers belonging to different age classes.

The starting point of the study by Card and Lemieux (2001) is the observation that the
college-high school gap in wages has increased strongly for younger US men whereas the
gap for older men has remained nearly constant. The driving force for these observed
cohort-specific changes is the slowdown in the growth of college-educated labor which did
not keep up with the steady skill bias in labor demand.

Wage trends in West Germany differed from what happened in countries like the US,
UK, or Canada over the last decades. In particular, wage dispersion for male workers did
not increase to the same extent (Prasad, 2000). In fact, skill wage differentials decreased
between workers with and those without a vocational training degree; see Fitzenberger
(1999), Fitzenberger and Wunderlich (2002). Regarding the differential between workers
with a vocational degree and workers with university type education there is conflicting
evidence; see Steiner and Wagner (1998a), Möller (1999), and Fitzenberger (1999). Little
evidence exists regarding age-related wage differentials. Fitzenberger (1999) and Fitzen-
berger and Wunderlich (2002) find that cross-sectional age profiles became somewhat
steeper for male workers without and for those with a vocational training degree. Accord-
ing to the SBTC hypothesis, skill upgrading in employment should thus have occurred at
a faster rate in Germany compared to countries like the US, UK, or Canada and, in the
spirit of Card and Lemieux (2001), cohort effects are likely to be of importance in West
Germany as well.

This paper broadens the scope of the nested CES framework and confronts it with the
IAB employment sample (IABS) data for Germany. To consistently reconcile the devel-
opments of relative wages and employment our treatment goes beyond Card and Lemieux
(2001) in several directions. First, we let three skill groups account for heterogeneity
within the qualification dimension. This extension is necessary in light of the coexistence
of vocational training and university education in Germany. Second, we treat the iden-
tification of cohort effects more rigorously. Tests for the existence of cohort effects and
their separability from age and time effects in the tradition of MaCurdy and Mroz (1995)
and Fitzenberger, Hujer, MaCurdy, and Schnabel (2001) are applied to check the validity
of the specification. Third, we take a closer look at the notions of observed employment
and let instrumental variable techniques account for the endogeneity of both wages and
employment. Finally, we draw on the estimated substitution parameters to conduct two
simulation experiments: We calculate the magnitude of wage changes in the three skill
groups that would have been necessary to halve skill-specific unemployment rates in 1997
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(the latest period available). While allowing for relative changes between skill groups, this
would have left the wage structure within skill groups unaffected. Due to the particularly
high unemployment rate among low-skilled employees in Germany, the design imposes a
disproportionately prominent increase in employment of this group, and thus is of high
policy relevance. Alternatively, one might be interested in changes of the wage structure
within skill groups, holding the structure across the respective groups constant. Here, the
model set-up may provide an answer to the question how wages for employees of different
age would have had to change to reduce all age-specific unemployment rates by one half.

The remainder of the paper is organized as follows: Section 2 outlines the trends in skill
wage premia and skill-specific employment in the IABS between 1975 and 1997. Following
an investigation into the nature of cohort effects in section 3, section 4 discusses the
nested CES model which allows for the reconciliation of the stylized empirical facts, and
estimates elasticities of substitution across and within skill groups. Based on the resulting
parameters, the simulation experiments are presented in section 5. Section 6 concludes.

2 Descriptive Evidence

A number of recent empirical studies provides descriptive evidence for skill wage differ-
entials in the German labor market. Among the analyses—comprising, e. g., Christensen
(2003), Christensen and Schimmelpfennig (1998), Fitzenberger (1999), Fitzenberger and
Wunderlich (2002), Möller (1999), Prasad (2000), Riphahn (2003), Steiner and Mohr
(2000), and Steiner and Wagner (1998a)—there is some consensus that, by and large,
the earnings distribution across skill groups stayed relatively stable during the 1980’s and
1990’s.

A closer look calls for detailed investigations which take into consideration further as-
pects of heterogeneity. In the tradition of Mincer (1974) work experience is an important
additional determinant of individual earnings, and the effects of age—often used as a
proxy for experience—are of interest themselves. Prasad (2000) and Riphahn (2003), for
example, estimate year-specific Mincer equations and depict the evolution of returns to
potential experience. Studies explicitly accounting for the age dimension of wage distri-
butions examine single cross-sectional age profiles, like Fitzenberger and Reize (2003),
or focus specifically on cohort analyses, as Fitzenberger, Hujer, MaCurdy, and Schnabel
(2001), for example. Beißinger and Möller (1998) account for the age dimension in the
distribution of (un)employment for discrete years between 1980 and 1990.

Our study scrutinizes both wages and employment across the two dimensions skill and age
for the time span 1975–1997. It is based on the IAB employment subsample (IABS), a 1%
random draw of German employment spells subject to social insurance contributions. The
IABS covers about 80% of all employed persons, and it provides detailed information on
daily wages for blue and white collar workers as well as the exact timing of employment
spells. We classify employees into three skill groups and consider six age classes. An
extensive description of the data and classifications used is given in the appendix.
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2.1 Stylized Facts I: The Evolution of Wage Differentials

Age-specific skill wage premia or skill wage differentials rs,at among workers of age a at
time t are defined as the difference in mean log wage of high-skilled (s = h, employees with
a university degree) or low-skilled workers (s = l, employees with neither university nor
vocational training degree) and that of medium-skilled workers (s = m, employees with
a vocational training degree). Using dummy variables ds,at for the different skill groups
and possibly controlling for further influences,3 they can be derived from regressions

ln(wat) = constantat + rl,at · dl,at + rh,at · dh,at + controlsat + εat (1)

in the respective age-time cells. Due to the social security taxation threshold, wage data
in the IABS are censored from above. Thus (1) is estimated by means of Tobit regressions.
Observations are weighted by the length of the respective employment spells; results are
provided in table 4 in the appendix.

Figure 1 illustrates the evolution of age-specific wage differentials for males over time.
Qualification premia generally are the higher the older the employee. This result is well
in line with classical human capital theory (Becker, 1993), and it does support the in-
terpretation of age as a proxy for experience. The estimated premia have evolved quite
differently, though.

The education premium for high-skilled employees compared to the medium-skilled stayed
roughly constant for the oldest age class until 1987 and declined by about 9 percentage
points (ppoints) thereafter. The relative position of 30- to 35-year-old high-skilled, on the
other hand, deteriorated by about 9 ppoints during the late 1970’s, partly rose again in
the first half of the 80’s, and stayed constant from 1986 on.

The differential between older medium- and low-skilled workers exhibited a decline of
about 5 ppoints during the eighties and recovered to an overall decline of about 2 ppoints
during the nineties. In the youngest age class this wage premium exhibited even more
volatility: Between 1975 and 1986, low-skilled workers on average gained around 6 ppoints
compared to the medium-skilled. Later on the differential increased again and even ex-
ceeded the 1975-level in 1997.

To infer the evolution of age profiles across time, we plot the wage differentials for three
years against the age dimension in figure 2. Average wage differentials between high- and
medium-skilled generally increase rather steeply with age: The premium grows by up to
29%. However, the shape of the profiles changes over time.

In 1975 the profile is considerably curved, showing especially a pronounced rise for young
individuals. In transition to the mid-1980’s, the curvature declines whilst the profile still
shows a similarly high increase over the entire age span: In particular for middle-aged
workers the premium for higher education declines compared to 1975. Starting in the
second half of the eighties, one observes a twist of the profile. Whereas the increase in
the premium for higher education for workers up to their mid-thirties is much the same in
1997 as in 1986, the profile has become flatter for older employees: The relative position
of older high-skilled workers has deteriorated in comparison to the situation in 1986.

3Cf. the appendix for details on implemented specifications.
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In comparison, the profile of the wage differential between low- and medium-skilled work-
ers is typically much flatter, especially for older workers. The differential declines strongly
for younger workers between 1975 and 1986 and it increases again strongly between 1986
and 1997. But even though the maximum decline—roughly 8 ppoints in 1986—is found
to be small relative to the one experienced by the high-to-medium-skilled differential, the
picture of the developments over time is still striking. In 1975 the average education
premium moderately rose with age, showing increments declining with age. Up to 1986,
the profile shifted downward by about 2–6 ppoints, becoming steeper for younger age
classes. In 1997 however, the profile shows a twisted shape: Whilst the differential for
older workers partly recovered in a parallel kind of manner, the youngest workers now
face a premium increased by 6 ppoints which renders the entire profile nearly flat.

Taking the above results together, we assert a first stylized fact:

Between the mid-1970’s and the mid-1990’s, age profiles of skill wage premia
have not moved in parallel fashion over time, but rather experienced a twist.

Thus, the developments thus are not likely to be the result of pure age and time effects
alone. Cohort effects, i. e., systematic differences across birth cohorts, supposedly play
an additional important role. Our subsequent theoretical and empirical investigation into
the development of skill wage premia hence takes account of age, time, and cohort effects.

2.2 Stylized Facts II: Trends in Relative Employment

Based on the individual spell data, we use a weighted headcount as our measure of em-
ployment: In each age-time cell, the number of skill-specific employed is summed up,
weighted by the duration of the respective employment spells.

Figure 3 presents relative employment trends for the different age classes. These are the
employment counts of the high- and the low-skilled relative to the employment in the
medium-skill group, respectively. The measures show the skill upgrading over the past
decades: For most of the sample period, both the ratio of high-skilled to medium-skilled
and that of medium-skilled to low-skilled employment were the higher the younger the
respective age class. Furthermore, the skill-intensity of employment has increased over
time. Starting from a situation of uniform skill upgrading in all age classes, however, the
increase of relative employment of the skilled slows down considerably or even comes to
an end at some point in time. Beginning in the mid 1980’s, this break occurs first for the
youngest age group. It then works through the older classes during the following years
until it affects the oldest employees in the second half of the 1990’s.4

We record a second stylized fact:

There is a break in the inter-cohort trend of relative employment such that
younger birth cohorts do not follow the older ones towards further skill up-
grading.

4Note that the approximate zero-growth of the relative employment of high-skilled in the first age
class should not be over-interpreted in our context, because it likely reflects the extension of education
durations and the corresponding deferments of labor market entries during the last decades; cf., for
example, Reinberg and Hummel (1999).
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The empirical evidence thus suggests the existence of cohort effects in the employment
dimension, too.

3 Testing for Cohort Effects

To distinguish age, cohort, and time effects, Card and Lemieux (2001) undertake a de-
composition of wage premia by the following regression:

rat = ba + ct−a + dt + εat (2)

where ba, ct−a, and dt denote age, cohort, and time dummies, respectively. However, one
should be cautious with respect to the identification of wage premia. When separating
cohort effects from pure time and age effects an identification issue arises because the
cohort an individual belongs to—be it defined by the individual’s year of birth—is an
exact linear combination of the individual’s age and the point of time being.

As a first identification approach, we follow Card and Lemieux by estimating equations
(2), setting the effects for the oldest birth-cohorts—those up to 1928—equal to zero. The
model is formally “identified” based on annual data by using five-year age intervals and
implicitly assuming age and cohort effects to be constant within each interval. A test
for the existence of cohort effects is then conducted by testing for joint significance of all
other cohort terms. This approach is suggestive from an economic point of view. However,
it resolves the identification problem in a rather ad hoc way. We employ an alternative
approach introduced by MaCurdy and Mroz (1995) and also used in Fitzenberger, Hujer,
MaCurdy, and Schnabel (2001) which deals with the identification issue both more ex-
plicitly and more rigorously. Heckman and Robb (1985) provide a detailed discussion of
the identification issue.

Following this approach, we formalize cohort effects as the outcome of interaction between
age and time by allowing for interaction terms of different order. For identification, the
linear cohort effect is explicitly set to zero.5 In light of our aim to test for the existence
of cohort effects, we estimate the following basic specification:

rs,at = bs,a + ds,t +
4∑

i=1

γisRi,at + ξatKs,after(cat) (3)

+(1− ξat)Ks,before(cat) + εs,at, s ∈ {l, h}; ξat =

{
1 : cat ≥ 0
0 : else

,

using age and time dummy variables as well as year of birth cat as cohort variable nor-
malized to zero for those aged 25 in the year 1975. The pure, separable cohort effects for
those entering the labor market after and before 1975, respectively, are given by

Ks,k(cat) = δk,1sc
2
at + δk,2sc

3
at + δk,3sc

4
at, k ∈ {after,before}; s ∈ {l, h}. (4)

5It is natural to set the linear cohort effect to zero because in a model with separable age and time
effects and only a linear cohort effect, one only observes parallel shifts of the cross-sectional age profiles
overtime; see Fitzenberger, Hujer, MaCurdy, and Schnabel (2001).
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The terms Ri,at capture polynomial interaction terms between age and cohorts in the time
derivative of rs,at as defined in MaCurdy and Mroz (1995).6

As a second specification, we use polynomials of order four in time instead of time dum-
mies. In both specifications separability of age and time effects on the wage differentials
holds if γis = 0 for all i. Under this assumption, additive models can be valid representa-
tions. Uniform growth in wage ratios holds if additionally the pure effects for the cohorts
after 1975 are equal to zero: γis = δafter,js = 0 for all i, j. In this case, the existence of
cohort effects is denied for those whose entire working life cycle falls into the observation
period. Finally, one may test whether even older cohorts do not face any cohort effects:
γis = δafter,js = δbefore,hs = 0 for all h, i, j (again, see MaCurdy and Mroz (1995) for
further details).

This approach is also applied to test for the existence of cohort effects in the employment
dimension as suggested by the graphical inspection in section 2.2. In this case, rs,at in
equation (3) is replaced by ln(Ls,at/Lm,at).

The detailed estimation results for the cohort effects and the associated tests can be
found in tables 5 and 6 in the appendix. Our major findings are that there is evidence for
cohort effects in the wage differentials as well as in the relative employment measures.7 Yet
additive separability of age, time, and cohort effects in the evolution of wage differentials
does not have to be rejected. Based on these results, the estimation of the structural
model introduced in the subsequent section is in fact justified—which will be discussed in
further detail below.

4 An Economic Reconciliation

Building on the stylized facts, we follow Card and Lemieux (2001) in applying a model
based on the two-level CES production function developed by Sato (1967). However,
the following treatment extends their analysis to a system for the three skill group-case.
The model treats not only workers with different educational attainment, but—well in
line with the conjectures of Freeman (1979) and Welch (1979)—also similarly educated
workers of different age as imperfect substitutes. Given factor remunerations according
to their respective marginal products, it can be transformed into relative wage equations
which permit to separate age, time, and cohort effects on the wage gaps—and therefore
provides an analytical framework to link the stylized facts outlined above.

6Adapted to our notation, the integrals of interaction terms up to second order are given by R1,at =
cata

2
at/2 + a3

at/3, R2,at = c2
ata

2
at/2 + 2a3

atcat/3 + a4
at/4, R3,at = cata

3
at/3 + a4

at/4, and R4,at = c2
ata

3
at/3 +

a4
atcat/2 + a5

at/5.
7Since the restrictive decomposition of cohort and age effects in equation (2) following Card and

Lemieux (2001) is rejected, we do not discuss the associated results. Though, if accepted as such, this
approach suggests the existence of cohort effects as well.
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4.1 The Two-Level CES Model

The Sato (1967) framework suggests a CES model of aggregate production yt:

yt =
(
θl,tL

ρ
l,t + θm,tL

ρ
m,t + θh,tL

ρ
h,t

) 1
ρ , (5)

where Ls,t, the measures of employment in skill group s and period t, themselves are CES
subaggregates of the skill- and time-specific employment quantities Ls,at of individuals in
age groups a:

Ls,t =

[∑
a

φs,aL
π
s,at

] 1
π

, s ∈ {l,m, h}. (6)

The productivity parameters θs,t covering the usual CES distribution parameters as well
as the (relative) efficiency terms of the different skill groups are allowed to vary over
time to capture (skill-biased) technical change, and φs,a map the productivities of the
different age classes within the skill classes.8 σS = 1/(1− ρ) and σA = 1/(1− π) denote
the elasticity of substitution between two skill groups and the elasticity of substitution
between different age groups within the same skill group, respectively.

Let wages be determined by the respective marginal products:

ws,at

wm,at

=

∂yt

∂Ls,at

∂yt

∂Lm,at

=
θs,t · Lρ−π

s,t · y1−ρ
t · φs,a · Lπ−1

s,at

θm,t · Lρ−π
m,t · y1−ρ

t · φm,a · Lπ−1
m,at

, s ∈ {l, h}. (7)

Then age specific skill premia rs,at = ln(ws,at/wm,at) result as

rs,at = ln

(
θs,t

θm,t

)
+ ln

(
φs,a

φm,a

)
− 1

σA

ln

(
Ls,at

Lm,at

)
(8)

+
[

1

σA

− 1

σS

]
ln

(
Ls,t

Lm,t

)
, s ∈ {l, h}.

The occurrence σA → ∞, i. e., different age groups as perfect substitutes, nests the
standard case of a CES with skill groups homogeneous in the age dimension. Typically, one
would expect substitutability to be higher within skill groups than across, i. e., σA > σS.
In this case both age group-specific relative employment ln(Ls,at/Lm,at) and aggregate
relative employment ln(Ls,t/Lm,t) exert a negative impact on the skill premia in (8).

Moreover, rewriting equation (8) as

rs,at = ln

(
θs,t

θm,t

)
+ ln

(
φs,a

φm,a

)
− 1

σS

ln

(
Ls,t

Lm,t

)
(9)

− 1

σA

[
ln

(
Ls,at

Lm,at

)
− ln

(
Ls,t

Lm,t

)]
, s ∈ {l, h}

8Note that the evolution of the relative efficiency terms over time captured by trends in θs,t also
includes drifts in the overall efficiency of age-specific labor which are common across all age groups, but
may vary across skill classes. Any changes, e. g., in capital endowments affecting the productivity of the
different skills implicitly enter this way.
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unveils the nature of incorporated cohort effects. If ln(Ls,at/Lm,at) − ln(Ls,t/Lm,t) varies
over time, there are cohort effects in relative employment: Age-specific relative employ-
ment evolves differently from the aggregate measure. If, in addition, σA is finite, then
differences in cohort size affect rs,at through the term in brackets.

Consider the general decomposition

ln

(
Ls,at

Lm,at

)
= ψ̃s,a + µ̃s,t−a + ν̃s,(a,t−a) (10)

such that the model involves year- (index t), age- (index a), and cohort-specific (index
t− a) effects:

rs,at = ln

(
θs,t

θm,t

)
+

[
1

σA

− 1

σS

]
ln

(
Ls,t

Lm,t

)
+ ln

(
φs,a

φm,a

)
− 1

σA

ψ̃s,a

− 1

σA

(
µ̃s,t−a + ν̃s,(a,t−a)

)

≡ λs,t + ψs,a + µs,t−a + νs,(a,t−a), s ∈ {l, h}. (11)

Observe first that equations (3) and (4) used to test for cohort effects in section 3 are
flexible parameterizations of (11), and note second that the identification of σA depends
on the existence of cohort size effects.

A further aspect of cohort effects would arise if age-specific productivity φs,a were allowed
to vary asymmetrically with time. This case would match an age bias in the evolution
of the returns to (i. e., the price of) experience over time: There might be drifts in the
efficiency of different age groups beside trends that are common across all age groups;
compare footnote 8. However, these particular productivity components would not be
separable from the time effects captured by the educational skill measure θs,t without
further functional form assumptions; cf. the discussion about the identification of cohort
effects in section 3.

By disregarding interactions between the productivity terms, any cohort effects found
in wage premia are implicitly attributed to changes in labor quantities. However, this
assumption is suited in light of our main focus to operationalize the relationship between
relative wages and employment, and is well in line with the test results of section 3;
compare also Juhn, Murphy, and Pierce (1993) and Welch (1979).

Besides the simplicity of implementation (cf. section 4.2), theoretical consistency in light
of the neoclassical production theory is a great merit of the CES framework. The two-
level CES offers the additional advantage that it accounts for some heterogeneity within
the skill groups: Workers of different age are allowed to be imperfect substitutes.9

9Prima facie, one might judge the model’s functional form restrictive. In particular, the elasticities of
substitution between (identically skilled) workers of different age are restricted to be all equal, so that,
say, a 55-year-old executive can be replaced by an experienced 50-year-old as well as by a 25-year-young
entrant. However, the model is well-suited to tell apart the effects of the two dimensions age and time.
In contrast to feasible translog systems, for example, its age×time dimensioning allows to incorporate a
relatively large number of input factors. For discussions on functional specification and aggregation see,
e. g., Koebel (2003).
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4.2 Empirical Implementation

Estimation of the nested CES structure can be achieved by simply estimating linear
models in three steps.10 At the first stage, the two-equation system

rs,at = bs,a + ds,t − 1

σA

ln

(
Ls,at

Lm,at

)
+ εs,at, s ∈ {l, h} (12)

can be estimated by 3SLS, yielding an estimate for 1
σA

, which is equal across the two
equations.

Least squares regressions of

ln(ws,at) +
1

σ̂A

ln(Ls,at) = ds,t + ln(φs,a) + εs,at, s ∈ {l, m, h} (13)

provide estimates of φs,a at the second stage and allow to calculate the skill group aggre-
gates Ls,t defined in (6).

Finally, at the third stage, equation (9) is extended by an additive error term and es-
timated for s ∈ {l, h}. Again, 3SLS takes account of the cross-equations restrictions
concerning 1/σA and 1/σS. Following the literature, the evolution of the relative produc-
tivity of workers over time, ln(θs,t/θm,t), is assumed to follow a linear time trend. This
approach captures the steady demand hypothesis in the notation of Acemoglu (2002):
The steady shift of the relative demand for higher-skilled labor mirrors a constant rate
of SBTC.11 Concerning the age-productivity within skill groups, φs,a, two specifications
are possible: First, φs,a may be treated as predetermined by the estimate from the second
stage (model variants (a)). Alternatively, ln(φs,a/φm,a) can be freely estimated using age
dummies in analogy to the first stage (model variants (b)).

To address the imposed rigidity of substitutability discussed in section 4.1, we consider
three types of model relaxations. First, we allow for elasticities of substitution between
age groups that are different across skill groups by replacing (6) with

Ls,t =

[∑
a

φs,aL
πs
s,at

] 1
πs

, s ∈ {l, m, h}. (14)

The first stage now estimates

rs,at = bs,a + ds,t − 1

σAs

ln(Ls,at) +
1

σAm

ln(Lm,at) + εs,at, s ∈ {l, h}. (15)

10Obviously, the model can be estimated in one step using nonlinear techniques. Following Card and
Lemieux (2001), we proceed in three steps to avoid numerical difficulties. This is crucial since we apply
bootstrapping to obtain standard errors.

11For an optimistic appraisal of this hypothesis see also Murphy and Welch (1992, 2001), for a more
pessimistic review Card and DiNardo (2002). We also experimented with modeling breaks in SBTC
which might have resulted from the German unification; cp. the discussion of results in section 4.4.
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While this relaxation appears intuitively plausible, the hypothesis σAs = σA for all s ∈
{l, m, h} is easily tested.

A second relaxation, regarding the uniformity of the elasticity of substitution between the
skill groups, can be implemented at the third stage by estimating

rs,at = bs,a + βst− 1

σSs

ln(Ls,t) +
1

σSm

ln(Lm,t) (16)

− 1

σAs

ln

(
Ls,at

Ls,t

)
+

1

σAm

ln

(
Lm,at

Lm,t

)
+ εs,at, s ∈ {l, h}

and testing whether σSs = σS for all s ∈ {l, m, h}. Note however that this ad hoc-type
relaxation comes at the price of abandoning the theoretical consistency of the model. In
particular, the parameters σSs are no longer elasticities of substitution. So the relaxation
can be viewed as a specification test for the model.

This caveat also holds for our third specification which estimates parameters σSss̃ freely
across the set of equations:

ln

(
ws,at

ws̃,at

)
= bss̃,a + βss̃t− 1

σSss̃

ln

(
Ls,t

Ls̃,t

)
(17)

− 1

σAs

ln

(
Ls,at

Ls,t

)
+

1

σAs̃

ln

(
Ls̃,at

Ls̃,t

)
+ εss̃,at

for s, s̃ ∈ {l, m, h} and s 6= s̃. In this case, we can test the hypothesis σSss̃ = σS for all
s, s̃.

To illustrate the adequacy of the nested model, a comparison with traditional CES models
is in order. Thus, we also estimate models (9), (16), and (17), but restrict σA to infinity.
While this procedure concentrates on the elasticity of substitution between skill groups,
σS, it still allows for productivity differences across age.

Alternatively, we estimate a traditional CES model

rs,t = constants + βst− 1

σS

ln

(
Ls,t

Lm,t

)
+ εs,t, s ∈ {l, h}, (18)

again questioning the uniqueness of σS. Here, time-specific mean wage differences rs,t =
ln(ws,t/wm,t) are calculated as a weighted average

rs,t =
1

Ls,t + Lm,t

∑
a

(Ls,at + Lm,at)(ωs,at − ωm,at), s ∈ {l, h} (19)

of time- and age-specific differences ωs,at estimated by pre-stage Tobit estimations

ln(wt) =
∑
s

∑
a

ωs,at · ds,at + controlst + εt, s ∈ {l, m, h} (20)
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for all periods t. As in equation (1), ds,at indicate dummies for the different skill groups.

In contrast to the nested model, the latter procedure averages out the age dimension
already at the pre-stage. Besides, Ls,t measures aggregate employment by an additive
headcount rather than in efficiency units. Resulting elasticities should hence be compa-
rable to those found in the literature.

4.3 Notions of Employment and Wages: An Estimation Issue

The different quantity concepts of employment are crucial to the analysis. The basic set-
up constitutes a demand framework. However, studies for the US—including Card and
Lemieux (2001)—often treat imputed quantities as inelastic (short-run) supply, implicitly
assuming equality of supply and demand. Even if one considers the market clearing
assumption to be reasonable for the US, it is highly questionable in the case of Germany,
since it disregards unemployment driving a wedge between effective demand for and the
supply of labor.

Moreover, both observed wage premia, i. e., the relative price of skilled labor, as well as
observed relative employment generally result as outcomes of all labor market processes—
and should therefore be treated as endogenous in the empirical implementation. Even if
a classical interaction of labor supply and demand is regarded as inadequate, endogeneity
of employment is implied, e. g., by wage-setting models with right-to-manage (RTM)
assumption or efficient bargaining, in which wages are negotiated in consideration of the
repercussions to the firms’ employment decisions (McDonald and Solow, 1981, Nickell and
Andrews, 1983, or Arnsperger and de la Croix, 1990).

Consider an RTM framework, which—in contrast to efficient bargaining—does not aban-
don the assumption that observations on wages and employment lie on a demand curve.
Then the coefficient on relative employment −1/σ in any of the models above gages the
(negative) relationship between wage premia rs = ln(ws/wm) and relative employment
ln(Ls/Lm) on the demand schedule. Not unlikely, however, actors additionally face un-
observed shocks such as unexpectedly good or particularly bad business conditions which
affect wages and employment in the same direction. Such shocks render relative employ-
ment endogenous and dilute the negative interrelation of interest. OLS (SUR) estimation
yields (in absolute terms) downward-biased estimates of the true relationship or, put
differently, upward-biased estimates for the elasticity of substitution σ.

As a remedy, we implement an instrumental variable (IV) approach by means of inelastic
(short-run) labor supplies, which may reasonably be assumed as predetermined by past
human capital investment decisions (Katz and Autor, 1999).12 We compile measures of
skill- and age-specific labor force numbers from German Microcensus data available at the
Federal Statistical Office. Our set of instruments at the first stage contains the logs of age-
and skill-specific labor supplies Lsupply

s,at . The third stage of the procedure outlined above
additionally incorporates the logs of aggregate supplies Lsupply

s,t =
∑

a Lsupply

s,at , interacted with
age dummies. See the appendix for details on how to construct the instruments.

12Accounting for the endogeneity of relative employment may be considered even more important in
face of traditional demand systems, which often specify quantities as left hand side variables and treat
prices/wages as exogenous; see, e. g., Hamermesh (1993).
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4.4 Estimation Results

Table 7 in the appendix summarizes the substitution parameters estimated at the first and
at the third stage of various model variants and reports the results of related specification
tests. Our most preferred specifications are presented here in table 1.

Table 1: Elasticities of Substitution, Preferred Specifications of the Nested CES

Model Version 3.1(a) Version 3.1(b)
Estimation SUR IV SUR IV

l 15.63∗ 11.84∗ 21.82 22.63
(3.46) (2.98) (2.15) (2.95)

σA m 20.57∗ 13.04∗ 11.11 11.19
(12.44) (6.55) (1.16) (1.29)

h 19.44∗ 16.69∗ 18.27 15.88
(2.70) (3.20) (2.39) (3.86)

σS 6.63 4.65 8.84 6.83
(3.86) (3.56) (3.15) (163.27)

Model versions: See table 7. (a) Age-specific relative productivities predetermined by the calculations at
the second stage. (b) Age-specific relative productivities estimated by means of age dummies at the third
stage. IV: Employment instrumented by labor force. Standard errors in parentheses estimated by 500
bootstrap replications. Bold numbers: Elasticities significantly finite (reciprocals significantly different
from zero) at 0.95 level. ∗ Respective parameters identical at 0.99 level.
Data sources: IABS 1975–1997. German Microcensus.

Specification 3.1 (stage 3, relaxation 1) lets the elasticity between age groups σA vary
across skill classes but sticks to a single elasticity of substitution across skill classes σS.
As can be inferred from the tests in table 7, the assumption of identical σAs would be
overly restrictive. Variation of σS across skill groups (relaxation 2) on the other hand is
not statistically required. The same holds for relaxation 3: According to table 9 in the
appendix, variation of σS across equations does not seem necessary, either.

All specifications summarized in table 1 assume a constant rate of SBTC. However, we
also experimented with model variants that include a break in the linear time trend to
capture possible a possible slowdown or increase in SBTC imposed to the system by
the German unification. Breaks in the relation between high-skilled and medium-skilled
generally turned out insignificant. For some specifications, a slowdown in SBTC in the
relationship between low- and medium-skilled starting in 1990 was not rejected. Yet,
as specification 3.1(c) in 7 illustrates, the resulting parameter estimates did not change
qualitatively.

A comparison of results from the first and from the third stages in tables 1 and 7 reveals
that the free estimation of age-specific relative productivities in the model variants (b)
may be superior to versions (a) with respect to the assessment of σA. However, for stability
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of the σS-estimates the higher degree of preset structure in variants (a) appears preferable.
The high standard errors in some cases may be attributed to two issues: First, the third
stage includes aggregate employment measures as pre-generated regressors, the variation
of which the bootstrap procedure takes account of. Second, the labor force numbers taken
to instrument employment closely resemble linear time trends such that especially σS, the
coefficient of predicted aggregate employment, is difficult to estimate.

Yet we obtain very plausible results. As expected, IV estimation yields lower estimates for
σS, in particular. Along the reasoning of section 4.3, unobserved shocks affect particularly
aggregate relative employment, rendering this measure endogenous and SUR estimates
of σS inconsistent. Still, our IV estimates of σS, ranging from 4.7 to 6.7, imply a rather
high degree of substitutability compared to findings in the related literature; cf. the
synopses in Hamermesh (1993) and Katz and Autor (1999). Card and Lemieux (2001)
report elasticities of substitution between college graduates and high school alumni for
Canada, the UK, and the US between 2 and 2.5.13 In international comparison, our high
elasticities may reflect the fairly small amount of over-all wage dispersion in Germany as
well as the more compressed distribution of skills; cf. Nickell and Bell (1996) and Freeman
and Schettkat (2001).

Comparable studies for Germany also take account of three skill types, but they find
elasticities not higher than 3.6.14 Differences might in part be attributed to the selection
of data, since we restrict our attention to prime age males in the IABS only, who may be
relatively homogeneous.

At large, employees from different formal skill levels are more difficult to substitute than
those with identical qualificational backgrounds. The substitutability across different
age groups σAs with values between 11.2 and 22.6 (version (b)) is lowest among the
medium-skilled. This finding supports the view that low-skilled employees, mainly in
positions which do not require intensive training, can be substituted relatively easily.
Contrary to the hypothesis that substitutability between young and old workers diminishes
(monotonically) with educational attainment (Welch, 1979),15 an analogous reasoning

13Other studies quantifying elasticities for the US present σ-estimates within a similar range: Bound
and Johnson (1992), Katz and Murphy (1992), and Krusell, Ohanian, Rios-Rull, and Violante (2000)
report 1.8, 1.4, and 1.7, respectively. Ciccone and Peri (2003) prefer a span between 1.2 and 2.2, and
Stapleton and Young (1988) note a value of 3.0.

14Fitzenberger and Franz (2001) estimate elasticities of substitution between medium- and low-skilled
of 0.6–1.4 for manufacturing and of 3.0–3.6 for non-manufacturing industries, while Steiner and Wagner
(1998b) and Steiner and Mohr (2000) report values for all three classes of merely 0.3–0.5 for manufacturing
and 1.4 for construction and transportation. Falk and Koebel (1999, 2002) find at most substitutability
between medium- and low-skilled employees, whereas Koebel, Falk, and Laisney (2003) bilaterally classify
high- and medium-skilled as well as medium- and low-skilled as substitutes, but they find complementarity
between low- and high-skilled employees. Entorf (1996) finds elasticities between 0.5 and 1.5 for blue and
white collar workers and Beißinger and Möller (1998) of 1.8 for males and 3.3 for females.

15Studies for the US report a much higher degree of substitutability between age classes within the
group of high school graduates than among those with a college degree: Freeman (1979) finds elasticities
of 14 and 2, respectively (even if the estimated reciprocals of both values show insignificant). Stapleton
and Young (1988) note amounts of 73.6 (reciprocal insignificant) and 2.5. Card and Lemieux (2001) do
not find any significant differences, though. They report significantly finite values of σA in the range of
4–6. Our higher estimates then reflect a higher degree of homogeneity within the skill groups defined for
Germany, compared to that within the college and high school groups pertinently classifying Anglo-Saxon
education systems.
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applies to university graduates of different age, whose education is often said to provide
them with a high competence in general problem solving. Workers with a vocational
degree, however, qualify for specific tasks such that, say, younger colleagues can take the
place of older coworkers less easily.

In effect, all estimated elasticities of substitution and in particular the estimates for
σA prove finite: Employees of different age are imperfect substitutes. The structural
model consistently mirrors the dimensions of cohort effects uncovered by the descriptive
inspection in section 2. Nevertheless, to put our results into further perspective, table
8 additionally reports the outcomes of models which assume perfect substitution across
age classes. Third stage estimations restricting σA to infinity as well as the results of
traditional CES models by and large draw a similar picture to the one stated above:
Again, standard errors that account for the pre-estimation of the aggregate employment
measure are very high. It is for this reason that we also estimated a specification 3.1(c)
which—in analogy to the non-nested CES—uses the sums of all age-specific employment
accounts rather than efficiency measures as aggregate quantities Ls,t. The results are very
similar. Yet again, instrumentation proves relevant and reduces estimated elasticities
from values around 8 to values between 5.5 and 6.1. Our results thus are consistent with
employees in the sample indeed forming a fairly homogenous group of workers.

5 Two Simulation Experiments

In light of the ongoing policy debate about cures for unemployment and the creation of
employment, estimates from the above structural model can be used to assess the effect
of wage changes on employment by means of simulation experiments.

First, and similar to the experiment conducted by Fitzenberger and Franz (2001), we
estimate the magnitude of wage changes in the three skill groups that would be necessary
to induce, say, a reduction of unemployment rates by one half in all three skill groups. Due
to the particularly high unemployment rate among the low-skilled,16 this design enquires
about a disproportionately sizeable increase in employment of this deprived group, and
thus is of high policy relevance. The relative wage changes are assumed to be equal for
all age groups within the respective skill groups: ∆ ln(ws,a) = ∆ ln(w̄s) for all a. While
allowing for relative changes between skill groups, this leaves the wage structure within
skill groups unaffected.

We undertake the calculations for the base period 1997, the latest period available. In
what follows, the time index t is omitted for notational simplicity. We use a first order
Taylor approximation of overall employment in each skill group s as the sum of employ-
ment in the respective age groups a:

L∗s =
∑
a

L∗s,a =
∑
a

(
Ls,a +

∑

s̃

∑

ã

∂Ls,a

∂ ln(ws̃,ã)
∆ ln(ws̃,ã)

)
, s ∈ {l,m, h}, (21)

16The skill-specific and age-specific rates of unemployment in West Germany our simulations make use
of are displayed in the appendix.
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where L∗s, L∗s,a are the employment targets consistent with the goal to reduce unemploy-
ment rates by one half. Drawing on the wage elasticity of labor demand

ηss̃,aã =
∂Ls,a

∂ws̃,ã

ws̃,ã

Ls,a

=
∂ ln(Ls,a)

∂ ln(ws̃,ã)
=

∂Ls,a

∂ ln(ws̃,ã)

1

Ls,a

, (22)

equation (21) can be written in terms of relative changes:

∆Ls

Ls

=
L∗s − Ls

Ls

=
∑
a

Ls,a

Ls

∑

s̃

∑

ã

ηss̃,aã∆ ln(ws̃,ã), s ∈ {l,m, h}. (23)

The relationship between wage elasticities ηss̃,aã, Allen-Uzawa elasticities of substitution
σss̃,aã, and cost shares Ss,a implied by cost minimizing behavior of employers is given by

ηss̃,aã = Ss̃,ãσss̃,aã + Ss̃,ãη, a 6= ã ∨ s 6= s̃, (24)

where η denotes the price elasticity of product demand and

ηss,aa = η −∑

s̃

∑

ã6=a

ηss̃,aã −
∑

s̃ 6=s

ηss̃,aa = Ss,aη −
∑

s̃

∑

ã 6=a

Ss̃,ãσss̃,aã −
∑

s̃ 6=s

Ss̃,aσss̃,aa; (25)

see, e. g., Hamermesh (1993). Based on the nested CES production function, inter-class
Allen-Uzawa partial elasticities of substitution and intra-class elasticities,17 respectively,
write

σss̃,aã = σS, s 6= s̃ and σss,aã = σS +
1

Ss

(σA − σS), a 6= ã. (26)

In principle, cost shares for the nested CES model can be derived directly from the model
via Shepard’s Lemma as functions of the productivity parameters θs and φs,a and wages
ws,a; cf., for example, Chung (1994). Yet the actual calculation fails this way due to
the underidentification of the productivity parameters. Hence, we employ observed cost
shares

Ss,a =
ws,aLs,a∑

s̃

∑
ã ws̃,ãLs̃,ã

and Ss =
∑
a

Ss,a. (27)

The targeted relative change of employment can be inferred from the unemployment rates
urs = Us/WFs = 1− Ls/WFs, where Us and WFs denote unemployment and work force
in skill group s, respectively:

∆Ls

Ls

=
L∗s − Ls

Ls

=
(0.5WFs + 0.5Ls)− Ls

Ls

= 0.5
urs

1− urs

. (28)

17Given the model relaxation (14), the expression σA in equation (26) has to be replaced by σAs.
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As η we take a weighted average of the elasticities estimated by Fitzenberger and Franz
(2001) separately for the manufacturing and the non-manufacturing sector, with employ-
ment ratios in the respective sectors as weights.

Since we set ∆ ln(ws,a) = ∆ ln(w̄s) for all a, the system (23) yields unique solutions for
the necessary wage changes based on our estimation results. The calculation of standard
errors is based on the errors of the estimated parameters.

Alternatively, one might be interested in changes of the wage structure within the skill
groups, holding the structure across the respective groups constant. In this context, the
model set-up allows us to answer the question how the wages for employees of differ-
ent age would have to change—identically in all skill groups—to reduce all age-specific
unemployment rates ura = Ua/WFa = 1− La/WFa by one half.

In analogy to (21), we write

L∗a =
∑
s

L∗s,a =
∑
s

(
Ls,a +

∑

s̃

∑

ã

∂Ls,a

∂ ln(ws̃,ã)
∆ ln(ws̃,ã)

)
for all a. (29)

Now assuming ∆ ln(ws,a) = ∆ ln(w̄a) for all s, the system

∆La

La

=
L∗a − La

La

=
∑
s

Ls,a

La

∑

s̃

∑

ã

ηss̃,aã∆ ln(w̄ã) (30)

can be solved for the necessary wage changes within the skill groups.

To evaluate the respective real magnitudes of the wage changes, we calculate the price
adjustments induced by the nominal wage reductions. Here, the assumption of profit
maximizing behavior under monopolistic competition takes account of endogenous output
effects. We consider the Amoroso-Robinson relation for the output price level p and a
constant elasticity of product demand η,

(
1 +

1

η

)
p = MC, such that d ln(p) = d ln(MC), (31)

with marginal costs

MC =
∑
s

∑
a

ws,a
∂Ls,a

∂y
=

∑
s

∑
a

ws,a
Ls,a

y

∂Ls,a

∂y

y

Ls,a

=
∑
s

∑
a

ws,aLs,a

y
. (32)

The last step in (32) follows because of the constant returns to scale assumption. Relative
price changes then arise from (31) as

d ln(p) =

∑
s

∑
a

Ls,aws,a

y
d ln(ws,a)

∑
s̃

∑
ã

Ls̃,ãws̃,ã

y

=
∑
s

∑
a

Ls,aws,a∑
s̃

∑
ã Ls̃,ãws̃,ã

d ln(ws,a). (33)
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Now let ∆ ln(ws,a) = ∆ ln(w̄s) for all a in the first experiment. Then,

∆ ln(p) =
∑
s

∆ ln(w̄s)
∑
a

Ls,aws,a∑
s̃

∑
ã Ls̃,ãws̃,ã

. (34)

In the second experiment, ∆ ln(ws,a) = ∆ ln(w̄a) for all s, and so

∆ ln(p) =
∑
a

∆ ln(w̄a)
∑
s

Ls,aws,a∑
s̃

∑
ã Ls̃,ãws̃,ã

. (35)

Table 2 displays the outcome of the first simulation experiment and compares it to results
obtained in Fitzenberger and Franz (2001).

Table 2: Wage Changes for Different Skill Groups Necessary to Halve Skill-Specific Un-
employment Rates in 1997 and Induced Price Change

Model ∆ ln wl ∆ ln wm ∆ ln wh ∆ ln p

3.1(a)IVa -0.123 -0.091 -0.087 -0.093
(0.0151) (0.0140) (0.0140) (0.0140)

3.1(b)IVa -0.113 -0.091 -0.088 -0.093
(0.0143) (0.0140) (0.0140) (0.0140)

3.1(a)SURa -0.113 -0.092 -0.088 -0.093
(0.0142) (0.0140) (0.0140) (0.0140)

3.1(b)SURa -0.109 -0.092 -0.089 -0.093
(0.0141) (0.0140) (0.0140) (0.0140)

Fitzenberger and Franz (2001)b -0.141 -0.103 - -0.105
(0.019) (0.020) (-) (0.020)

Fitzenberger and Franz (2001)c -0.342 -0.313 - -0.314
(0.099) (0.020) (-) (0.020)

a Calculations based on the results displayed in table 1. Standard errors in parentheses estimated by 500
bootstrap replications.
b Specification 4 of their model; assumption of constant returns to scale; elasticities of substitution
between the high-skilled on the one hand and medium- and low-skilled on the other restricted to equal
1; no changes in wages and employment for the high-skilled; results for 1995.
c Specification 3 of their model; elasticities of substitution between the high-skilled on the one hand and
medium- and low-skilled on the other restricted to equal 1; no changes in wages and employment for the
high-skilled; results for 1995.

Considering the employment target of reducing skill-specific unemployment rates, wages
paid are too high in all skill groups, and the necessary wage reductions—ranging from
8.7 to 12.3%—are the higher the lower the skill level. This result provides evidence for
wage compression across skill groups. The fact that estimated wage reductions appear
rather modest may be ascribed to at least two reasons: on the one hand to the high wage
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elasticities resulting from the substantial elasticities of substitution, and to the assump-
tion of constant returns to scale on the other. The latter point becomes evident by the
comparison of our results to those of Fitzenberger and Franz (2001): Their specification 4,
which likewise postulates constant returns to scale, yields estimates very similar to ours,
whilst their unrestricted specification 3 indicates higher (nominal) reductions. The range
of dispersion, however, turns out rather similar in all models.

The induced relative price changes are a weighted average of the wage reductions; compare
equation (34). Thus, given our estimates of nominal wage reductions, the high-skilled
experience a real wage increase, whereas the low-skilled face real losses ex constructione.

To put this result into perspective, some remarks are in order: First, the experiment
models a shock to the employment decision of the firm—we do not attempt to account for
supply-side reactions to the wage changes. Second, capital and other inputs are assumed
to be constant, as well.18 Third, and similarly, the simulation does not consider substi-
tutability with respect to participants in different labor market segments, like women or
employees in mini jobs not subject to social security contributions.

The results of the second experiment, regarding a reduction of age specific unemployment
rates, are displayed in table 3.

Table 3: Wage Changes for Different Age Groups Necessary to Halve Age-Specific Unem-
ployment Rates in 1997 and Induced Price Change

∆ ln w27 ∆ ln w32 ∆ ln w37 ∆ ln w42 ∆ ln w47 ∆ ln w52 ∆ ln p

-0.086 -0.086 -0.086 -0.085 -0.085 -0.086 -0.086
(0.0129) (0.0129) (0.0129) (0.0129) (0.0129) (0.0129) (0.0129)

Results identical for model versions 3.1(a) and 3.1(b) from table 1. Standard errors in parentheses
estimated by 500 bootstrap replications.

The calculated wage reductions in the different age groups are very similar. Yet the small
degree of variation comes as no surprise because the differences in unemployment rates
across the age classes are rather small. In particular, it has to be recalled that very young
as well as older participants close to (early) retirement age, who can be expected to face
deviant labor market conditions that result in differing unemployment rates, have been
excluded from the analysis. For our sample of prime age males there is no evidence of
wage compression across the age distribution. As to the underlying high elasticities of
substitution and concerning the interpretation of the induced price changes, the same
caveats as for the first experiment apply.

18None of the simulations reported in table 2 takes into consideration substitution effects with respect
to intermediate inputs or capital stocks. Given capital-skill complementarities, for example, the reported
numbers might overstate actual necessary wage changes. For the importance of capital issues in labor
demand cf. Krusell, Ohanian, Rios-Rull, and Violante (2000).
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6 Conclusions

Investigating descriptively the evolution of age-specific skill wage premia in the German
labor market between 1975 and 1997 reveals that the age profiles of skill wage differentials
have not moved in parallel fashion over time, but rather experienced a twist. Accordingly,
it is unlikely that these developments are associated merely with pure age and time effects.
Furthermore, we observe a break in the inter-cohort trend of skill- and age-specific relative
employment such that young birth cohorts do not follow the path of the older ones towards
further skill upgrading. The empirical evidence thus suggests the existence of cohort
effects affecting the evolution of both skill wage premia and relative employment. Testing
for cohort effects as introduced by MaCurdy and Mroz (1995), we find cohort effects in
the developments of both relative employment and wage premia, but we can also confirm
separability of the estimated effects from age and time effects on the wage premia.

Due to the heterogeneous nature of the input factor labor, a coherent operationalization
of labor demand is difficult. We use an extension of the structural approach of Card
and Lemieux (2001) based on the nested CES model of Sato (1967) which gives rise to
a complex picture of German labor demand. On the one hand, the model consistently
maps rational behavior within the framework of neoclassical production theory. On the
other hand, its age×time dimensioning allows to incorporate a relatively large number of
input factors. That way, our extended implementation analyzes wage differences between
18(=6×3) types of labor.

The results are compatible with the steady demand hypothesis of a constant rate of SBTC
in the notion of Acemoglu (2002). Moreover, employees of different age are found to be
imperfect substitutes—the model indeed takes account of age, time, and cohort effects
and, therefore, approves the intuitive link between the outlined stylized facts. Compared
to the literature, our estimated elasticities of substitution are rather high. In international
comparison, this finding may reflect the fairly small amount of over-all wage dispersion
in Germany as well as the compressed distribution of skills. In addition, we reckon that
our focus on prime age male employees in the IABS in fact results in a considerably
homogeneous sample.

On the basis of the estimated parameters, simulation experiments allow for policy-relevant
implications. Similar to Fitzenberger and Franz (2001), we first simulate the magnitude
of wage changes in the three skill groups that would have been necessary to reduce skill-
specific unemployment rates in 1997 by one half. With wage changes equal for all age
groups within the respective skill classes, this would have left the wage structure within
skill groups unaffected. The necessary nominal wage changes range between 8.7 and
12.3% and are the higher the lower the employees’ qualification. This finding provides
evidence for the existence of wage compression: Relative to a situation with reduced
unemployment, there is too little wage dispersion across the different skill groups.

Alternatively, we are interested in changes of the wage structure within the skill groups,
holding the structure across the respective groups constant, and answer the question how
the wages for employees of different age would have had to change to cut all age-specific
unemployment rates by one half. Since age-specific unemployment rates are very similar,
the similarity in wage changes for different age groups comes as no surprise.
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In general, our analysis substantiates the necessity to integrate different dimensions of
heterogeneity into meaningful models of labor demand. Yet our implementations show
that, compared to available investigations solely focussing on the skill dimension of het-
erogeneity, the additional differentiation by age comes at the price of further restrictions
on the production technology. In particular, the functional form restricts elasticities of
substitution between (identically skilled) workers of different age to be all equal. However,
the assumption that, say, a 55-year-old executive can be substituted by an experienced
50-year-old just as well as by a 25-year-young entrant, remains questionable.

Moreover, the neoclassical framework traditionally fails to incorporate residual wage in-
equality that remains after any grouping adapted from observed covariates; see, e. g.,
Card, Kramarz, and Lemieux (1999). But within-cell wage dispersion usually amounts
to a major part of total observed dispersion—cf. Juhn, Murphy, and Pierce (1993) and
Fitzenberger, Garloff, and Kohn (2003)—and therefore should be addressed by future
research on the link between wage structure and labor demand.
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Appendix

Throughout the empirical investigation, we make use of the IAB employment subsam-
ple (IABS) 1975–1997, a representative 1% random draw of German employees with
employment spells subject to social insurance contributions. Excluding civil servants,
self-employed, and freelancers, the IABS covers about 80% of all employed persons. For
an extensive description of these register-based data see Bender, Hilzendegen, Rohwer,
and Rudolph (1996) and Bender, Haas, and Klose (2000). Selected data at first comprise
spells of both men and women employed full-time in West-Germany, excluding parallel
employment and training spells.

We restrict attention to prime-age employees between 25 and 55 years to circumvent a
number of sample selection problems. Since the IABS contains no information on hours
worked, we undertake a headcount to derive an employment measure, weighting each
observation with the length of the respective employment spell. This procedure assumes
that the number of, say, monthly hours does not change over time nor does it differ by
individual, justifying the concentration on full-time employees only.

Concerning the wage data, Steiner and Wagner (1997) report a structural break between
1983 and 1984. In order not to deceivingly interpret this as increasing wage inequality
across skill groups, we apply the correction procedure suggested by Fitzenberger (1999).

Observations are classified into three skill groups according to the individuals’ educational
attainment. The group of the low-skilled consists of employees without any vocational
training. Those with a vocational training degree are considered medium-skilled, and
individuals with a university or technical college degree form the group of the high-skilled.
To deal with measurement error in the education information when defining the skill
groups, we correct the skill information such that formal degrees an individual has once
obtained are not lost later.

Stage zero of the estimation approach estimates wage differentials by means of Tobit
regressions due to the censoring of wage data induced by the social security taxation
threshold (“Beitragsbemessungsgrenze”). Observations are weighted by the length of the
respective employment spells. As a first approach, equation (1) includes dummies for
foreigners and women as control variables and further allows for possible interactions of
these with the skill variables. Besides, a linear age term captures variation within the
age classes. Cross terms of female and skill dummies prove significant in nearly all cells.
Consequently, we base our analysis on males only. Period-specific wage differentials for
the traditional CES are similarly estimated by pre-stage Tobit estimations (20), using
age-specific skill dummies and a dummy for foreigners.

Estimation equations at the first and at the second stage include a full set of age dummies
and time dummies for 1976–1997. The latter are replaced by a linear time trend at the
third stage.

At stages one and three we instrument observed employment measures by means of the size
of the labor force obtained from the German Microcensus, a representative 1% population
sample collected annually, typically via face-to-face interviews. We use representative sub-
samples available through the Federal Statistical Office (“Statistisches Bundesamt”). The
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cell-specific labor force is imputed as the sum of (male) employed and unemployed work-
ers within the skill×age groups. For several years within our sampling period, however,
individual records of educational attainment were voluntary, leading to sizable shares of
missing values. We apply the procedure developed in Fitzenberger, Schnabel, and Wun-
derlich (2004) to assign the shares of missings to the three skill groups in each cell. For
the years without any skill information in the German Microcensus, we interpolate; see
also Fitzenberger (1999).

For the first simulation experiment, skill-specific unemployment rates are taken from
Reinberg and Hummel (2002). Rates for low-, medium-, and high-skilled males in 1997
read 27.1%, 6.8%, and 3.0%, respectively. Age group-specific unemployment rates for the
second experiment are calculated based on Statistisches Bundesamt (1998). For the six
age groups (from young to old) the rates are 8.5%, 7.5%, 7.4%, 7.1%, 7.0%, and 8.1%.

To obtain employment weights for the manufacturing and the non-manufacturing sector,
we assign the IABS sector codes to the two categories as done in Fitzenberger (1999).
Using the 1997-weights (0.4412 for manufacturing and 0.4746 for non-manufacturing),
we calculate the price elasticity of demand, η, as a weighted average of the elasticities
ηman = −0.7994 and ηnon-man = −0.1762 estimated by Fitzenberger and Franz (2001).
To draw inference on the estimated wage changes, we assume these elasticities to be
independently normally distributed.
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Figure 1: Evolution of Wage Differentials over Time
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Calculations based on IABS 1975–1997. Digits within the graphs indicate the middle points of the
respective age classes.
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Figure 2: Age Profiles of Wage Differentials
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Calculations based on IABS 1975–1997. Digits within the graphs indicate the calendar years of the
respective age-time cells.
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Figure 3: Trends in Relative Employment
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Calculations based on IABS 1975–1997. Digits within the graphs indicate the middle points of the
respective age classes.
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Table 4: Estimated Wage Differentials by Age and Time

Age 25–29 30–34 35–39
Time rl,at rh,at rl,at rh,at rl,at rh,at

1975 -0.1298 0.2933 -0.1627 0.4316 -0.1687 0.5229
(0.0058) (0.0104) (0.0055) (0.0112) (0.0045) (0.0153)

1976 -0.1187 0.2613 -0.1477 0.3868 -0.1562 0.5196
(0.0057) (0.0082) (0.0058) (0.0098) (0.0046) (0.0127)

1977 -0.1175 0.2530 -0.1466 0.3788 -0.1692 0.4984
(0.0060) (0.0077) (0.0060) (0.0094) (0.0050) (0.0124)

1978 -0.1152 0.2513 -0.1439 0.3627 -0.1617 0.4822
(0.0062) (0.0076) (0.0064) (0.0088) (0.0054) (0.0106)

1979 -0.1020 0.2481 -0.1414 0.3394 -0.1543 0.4537
(0.0065) (0.0075) (0.0062) (0.0076) (0.0056) (0.0104)

1980 -0.1116 0.2570 -0.1353 0.3316 -0.1496 0.4468
(0.0070) (0.0072) (0.0065) (0.0075) (0.0060) (0.0109)

1981 -0.1010 0.2664 -0.1386 0.3370 -0.1454 0.4206
(0.0066) (0.0075) (0.0067) (0.0075) (0.0064) (0.0106)

1982 -0.0990 0.2636 -0.1358 0.3469 -0.1553 0.4242
(0.0069) (0.0078) (0.0070) (0.0071) (0.0067) (0.0103)

1983 -0.0947 0.2535 -0.1273 0.3515 -0.1585 0.4221
(0.0068) (0.0084) (0.0078) (0.0070) (0.0073) (0.0095)

1984 -0.0855 0.2581 -0.1288 0.3543 -0.1581 0.4218
(0.0072) (0.0089) (0.0087) (0.0070) (0.0076) (0.0091)

1985 -0.0683 0.2662 -0.1269 0.3625 -0.1478 0.4248
(0.0068) (0.0094) (0.0087) (0.0073) (0.0078) (0.0089)

1986 -0.0664 0.2716 -0.1189 0.3533 -0.1416 0.4183
(0.0068) (0.0088) (0.0083) (0.0073) (0.0084) (0.0087)

1987 -0.0716 0.2917 -0.1090 0.3503 -0.1385 0.4166
(0.0069) (0.0081) (0.0079) (0.0073) (0.0088) (0.0088)

1988 -0.0777 0.2990 -0.1104 0.3407 -0.1315 0.4289
(0.0070) (0.0084) (0.0077) (0.0068) (0.0087) (0.0082)

1989 -0.0780 0.2838 -0.1039 0.3506 -0.1330 0.4214
(0.0066) (0.0081) (0.0077) (0.0067) (0.0090) (0.0082)

1990 -0.0866 0.2734 -0.1187 0.3595 -0.1349 0.4165
(0.0066) (0.0078) (0.0076) (0.0066) (0.0087) (0.0078)

1991 -0.1002 0.2660 -0.1149 0.3566 -0.1379 0.4173
(0.0069) (0.0080) (0.0075) (0.0064) (0.0082) (0.0079)

1992 -0.0924 0.2612 -0.1247 0.3530 -0.1338 0.4111
(0.0064) (0.0078) (0.0073) (0.0061) (0.0079) (0.0074)

1993 -0.0840 0.2672 -0.1212 0.3658 -0.1333 0.4187
(0.0067) (0.0078) (0.0073) (0.0062) (0.0081) (0.0075)

1994 -0.0847 0.2513 -0.1238 0.3650 -0.1438 0.4301
(0.0073) (0.0082) (0.0071) (0.0059) (0.0084) (0.0075)

1995 -0.0987 0.2373 -0.1269 0.3590 -0.1422 0.4373
(0.0077) (0.0087) (0.0075) (0.0060) (0.0085) (0.0076)

1996 -0.1156 0.2485 -0.1242 0.3450 -0.1544 0.4247
(0.0081) (0.0087) (0.0078) (0.0061) (0.0086) (0.0075)

1997 -0.1366 0.2764 -0.1271 0.3469 -0.1590 0.4388
(0.0093) (0.0098) (0.0083) (0.0065) (0.0087) (0.0075)

Tobit estimations, observations weighted with the length of the respective emloyment spells, standard
errors in parentheses. Data source: IABS 1975–1997.
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Table 4: Estimated Wage Differentials by Age and Time (Continued)

Age 40–44 45–49 50–54
Time rl,at rh,at rl,at rh,at rl,at rh,at

1975 -0.1778 0.5557 -0.1768 0.5475 -0.1725 0.5680
(0.0050) (0.0213) (0.0052) (0.0245) (0.0065) (0.0303)

1976 -0.1591 0.5863 -0.1701 0.5609 -0.1737 0.5400
(0.0049) (0.0184) (0.0052) (0.0199) (0.0061) (0.0210)

1977 -0.1585 0.5673 -0.1702 0.5973 -0.1840 0.5656
(0.0049) (0.0155) (0.0051) (0.0208) (0.0064) (0.0214)

1978 -0.1641 0.5465 -0.1647 0.6132 -0.1826 0.5830
(0.0050) (0.0138) (0.0054) (0.0195) (0.0063) (0.0210)

1979 -0.1578 0.5147 -0.1661 0.5817 -0.1698 0.5583
(0.0050) (0.0121) (0.0053) (0.0174) (0.0058) (0.0187)

1980 -0.1533 0.5140 -0.1617 0.5519 -0.1651 0.5393
(0.0051) (0.0115) (0.0053) (0.0166) (0.0054) (0.0199)

1981 -0.1551 0.5071 -0.1600 0.5358 -0.1785 0.5671
(0.0052) (0.0121) (0.0052) (0.0165) (0.0055) (0.0179)

1982 -0.1586 0.4891 -0.1544 0.5449 -0.1718 0.5714
(0.0053) (0.0115) (0.0051) (0.0143) (0.0053) (0.0179)

1983 -0.1626 0.4899 -0.1562 0.5420 -0.1700 0.5683
(0.0057) (0.0112) (0.0053) (0.0132) (0.0055) (0.0167)

1984 -0.1610 0.4905 -0.1497 0.5272 -0.1673 0.5506
(0.0062) (0.0107) (0.0053) (0.0124) (0.0057) (0.0167)

1985 -0.1498 0.4893 -0.1505 0.5460 -0.1597 0.5692
(0.0066) (0.0118) (0.0055) (0.0123) (0.0060) (0.0160)

1986 -0.1413 0.4850 -0.1517 0.5337 -0.1488 0.5614
(0.0073) (0.0118) (0.0056) (0.0117) (0.0060) (0.0152)

1987 -0.1425 0.4991 -0.1522 0.5274 -0.1418 0.5803
(0.0078) (0.0119) (0.0062) (0.0119) (0.0060) (0.0145)

1988 -0.1422 0.4664 -0.1497 0.5220 -0.1434 0.5484
(0.0080) (0.0108) (0.0065) (0.0113) (0.0060) (0.0128)

1989 -0.1362 0.4707 -0.1464 0.5413 -0.1388 0.5390
(0.0082) (0.0115) (0.0070) (0.0118) (0.0060) (0.0133)

1990 -0.1438 0.4528 -0.1527 0.5055 -0.1424 0.5363
(0.0082) (0.0106) (0.0075) (0.0121) (0.0061) (0.0128)

1991 -0.1389 0.4564 -0.1490 0.4979 -0.1511 0.5406
(0.0082) (0.0106) (0.0083) (0.0131) (0.0065) (0.0130)

1992 -0.1392 0.4452 -0.1414 0.4844 -0.1558 0.5160
(0.0086) (0.0096) (0.0083) (0.0124) (0.0067) (0.0128)

1993 -0.1450 0.4797 -0.1471 0.5013 -0.1676 0.5274
(0.0090) (0.0095) (0.0081) (0.0126) (0.0071) (0.0132)

1994 -0.1552 0.4602 -0.1459 0.5022 -0.1697 0.5377
(0.0092) (0.0095) (0.0086) (0.0122) (0.0080) (0.0133)

1995 -0.1527 0.4625 -0.1582 0.4999 -0.1680 0.5191
(0.0094) (0.0091) (0.0090) (0.0115) (0.0094) (0.0141)

1996 -0.1566 0.4549 -0.1724 0.4664 -0.1572 0.4864
(0.0092) (0.0092) (0.0093) (0.0106) (0.0094) (0.0135)

1997 -0.1632 0.4651 -0.1647 0.4742 -0.1627 0.5328
(0.0092) (0.0094) (0.0099) (0.0107) (0.0107) (0.0144)

Tobit estimations, observations weighted with the length of the respective emloyment spells, standard
errors in parentheses. Data source: IABS 1975–1997.
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Table 5: Cohort Effects in Wage Differentials?

Coefficients Wage Differential l/m Wage Differential h/m

DJ32 -.0326923 (-10.64) -.0327027 (-9.44) .1153582 (13.12) .1157796 (17.47)
DJ37 -.0512998 (-8.94) -.0513184 (-8.12) .2106674 (14.63) .2114632 (16.88)
DJ42 -.0577853 (-5.33) -.0578207 (-4.90) .2725208 (10.51) .2737885 (11.64
DJ47 -.0650296 (-3.34) -.06509 (-3.07) .3225669 ( 7.54) .3242728 (8.29)
DJ52 -.0682991 (-2.15) -.0683905 (-2.00) .3577003 ( 5.72) .3597912 (6.58)
DT76 .0111009 (3.52) -.0141043 (-1.22)
DT77 .0081987 (2.38) -.0162593 (-1.51)
DT78 .0109701 (3.42) -.022612 (-1.71)
DT79 .0182157 (5.82) -.0488996 (-4.02)
DT80 .0210685 (5.27) -.0603745 (-4.80)
DT81 .0210692 (5.13) -.0636712 (-4.71)
DT82 .0219837 (5.27) -.0649358 (-4.61)
DT83 .0231243 (4.48) -.0693521 (-4.52)
DT84 .0264899 (4.36) -.0758161 (-4.43)
DT85 .0346233 (5.00) -.0688812 (-3.80)
DT86 .040507 (5.30) -.0771031 (-3.86)
DT87 .0429058 (4.83) -.0727502 (-3.16)
DT88 .0432424 (4.24) -.0854758 (-3.34)
DT89 .0466154 (4.00) -.0881154 (-3.14)
DT90 .039845 (2.97) -.101475 (-3.26)
DT91 .0381424 (2.62) -.1061085 (-3.06)
DT92 .0394764 (2.20) -.1201477 (-3.13)
DT93 .0383531 (1.93) -.1088463 (-2.54)
DT94 .0351084 (1.59) -.1148453 (-2.45)
DT95 .0322542 (1.30) -.1240601 (-2.40)
DT96 .0280099 (1.00) -.1432671 (-2.50)
DT97 .0241414 (0.76) -.1300437 (-2.05)
TIME .0016504 (1.02) -.0190357 (-5.01)

TIME2 .0003356 (1.13) .0019721 (2.89)
TIME3 -.000022 (-1.10) -.0001074 (-2.38)
TIME4 2.33e-07 (0.50) 1.99e-06 (1.98)

R1 -.0005273 (-1.03) -.0005287 (-0.95) .0004528 ( 0.26) .0004491 (0.24)
R2 -5.88e-06 (-0.22) -5.93e-06 (-0.21) -.0000934 (-0.85) -.0000928 (-0.83)
R3 .0001711 (1.85) .0001714 (1.67) .0000171 ( 0.03) .0000182 (0.03)
R4 2.85e-06 (0.43) 2.86e-06 (0.42) .0000292 ( 1.42) .0000291 (1.31)

COHORTA2 .0001829 (1.86) .0001826 (1.78) .0015087 ( 4.24) .0015485 (4.60)
COHORTB2 .0007679 ( 3.02) .0007577 (2.89)
COHORTA3 -.0000107 (-3.66) -.0000106 (-3.83) -.0001078 (-3.52) -.0001117 (-3.62)
COHORTB3 .0000275 ( 1.75) .0000273 (1.74)
COHORTA4 2.26e-06 ( 2.78) 2.37e-06 (2.81)
CONSTANT -.1258083 (-41.12) -.121632 (-35.12) .2802343 (24.95) .285519 (43.91)

Testsa

Separabilityb 7.87∗ 6.33 8.25∗ 9.76∗∗

Cohorts after 1975c 35.72∗∗∗ 34.20∗∗∗ 42.08∗∗∗ 48.96∗∗∗

Any cohort effectsd 258.91∗∗∗ 268.79∗∗∗

Data source: IABS 1975–1997. White robust t-values in parentheses. Specification of equation (4): Inclusion
of additional polynomial cohort terms as long as neither the respective coefficient nor those of lower orders turn
insignificant.
a Wald tests, χ2-values, ∗(∗∗,∗∗∗ ) Hypothesis rejected at 0.90 (0.95, 0.99) level.
b H0 : Ri = 0 for all i.
c H0 : Ri = COHORTAj = 0 for all i, j.
d H0 : Ri = COHORTAj = COHORTBh = 0 for all h, i, j.



Table 6: Cohort Effects in Relative Employment?

Coefficients Relative Employment l/m Relative Employment h/m

DJ32 .0322695 (5.84) .032242 ( 5.96) .0353277 (10.38) .0353423 (10.94)
DJ37 .0590979 (7.50) .0590427 ( 7.10) .0019854 (0.38) .0020145 ( 0.41)
DJ42 .0959145 (6.44) .0958171 ( 6.33) -.0615831 (-6.66) -.0615317 (-7.01)
DJ47 .1412564 (5.58) .1411087 ( 5.48) -.1391542 (-9.02) -.1390763 (-9.47)
DJ52 .1885269 (4.91) .1883036 ( 4.93) -.215428 (-9.48) -.21531 (-9.89)
DT76 -.0341348 (-6.80) .0024881 (0.87)
DT77 -.0728885 (-13.14) .0090048 (2.97)
DT78 -.0982353 (-13.69) .0153644 (3.90)
DT79 -.1160371 (-15.31) .0218183 (5.04)
DT80 -.132825 (-17.74) .0302871 (6.89)
DT81 -.1501554 (-19.74) .0398692 (9.00)
DT82 -.1662282 (-20.95) .0509891 (12.41)
DT83 -.1826905 (-19.90) .0613539 (13.20)
DT84 -.1990635 (-19.87) .0729969 (13.86)
DT85 -.2124086 (-19.59) .0843728 (15.81)
DT86 -.2264444 (-18.74) .1003312 (17.21)
DT87 -.2387869 (-18.40) .1160559 (18.32)
DT88 -.2508624 (-17.29) .131461 (17.79)
DT89 -.2612261 (-15.87) .145016 (17.32)
DT90 -.2717529 (-14.68) .1592416 (16.52)
DT91 -.2823302 (-13.79) .1757729 (16.22)
DT92 -.293772 (-12.86) .1928582 (15.96)
DT93 -.3095781 (-12.06) .2091867 (15.41)
DT94 -.3252776 (-11.38) .2261806 (14.91)
DT95 -.3418283 (-10.82) .2426569 (14.27)
DT96 -.3589953 (-10.32) .2530998 (13.49)
DT97 -.3762365 (-9.84) .2702493 (13.07)
TIME -.0355108 (-13.10) .003617 (2.33)

TIME2 .0021694 (4.85) .0005027 (2.04)
TIME3 -.0000792 (-3.15) 5.04e-06 (0.37)
TIME4 8.62e-07 (1.71) -4.54e-07 (-1.67)

R1 .0010499 (1.15) .0010489 (1.07) -.0038455 (-6.06) -.0038451 (-6.50)
R2 .0001367 (2.49) .0001364 (2.52) .0000366 (1.09) .0000367 (1.16)
R3 -.0000423 (-0.17) -.0000423 (-0.16) .0008374 (4.58) .0008374 (4.93)
R4 -.0000227 (-2.49) -.0000227 (-2.53) 1.75e-06 (0.35) 1.72e-06 (0.36)

COHORTA2 .0005602 (5.04) .0005594 (4.75) -.0009644 (-12.74) -.000964 (-13.10)
COHORTA3 -5.40e-06 (-1.84) -5.39e-06 (-1.73) .0000188 (8.34) .0000188 (8.47)
COHORTB2 .000601 (4.87) .0006019 (4.43) -.0003035 (-3.82) -.000304 (-4.09)
COHORTB3 .000036 (4.77) .000036 (4.76) 9.60e-06 (1.88) 9.59e-06 (2.01)
CONSTANT .2974156 (45.08) .2942818 (44.04) .0721775 (15.89) .0716199 (18.35)

Testsa

Seperabilityb 12.61∗∗ 15.23∗∗∗ 72.71∗∗∗ 79.11∗∗∗

Cohorts after 1975c 220.64∗∗∗ 219.10∗∗∗ 580.42∗∗∗ 672.44∗∗∗

Any cohort effectsd 1953.98∗∗∗ 2043.23∗∗∗ 1558.90∗∗∗ 1578.70∗∗∗

Data source: IABS 1975–1997. White robust t-values in parentheses. Specification of equation (4): Inclusion
of additional polynomial cohort terms as long as neither the respective coefficient nor those of lower orders turn
insignificant.
a Wald tests, χ2-values, ∗(∗∗,∗∗∗ ) Hypothesis rejected at 0.90 (0.95, 0.99) level.
b H0 : Ri = 0 for all i.
c H0 : Ri = COHORTAj = 0 for all i, j.
d H0 : Ri = COHORTAj = COHORTBh = 0 for all h, i, j.



Table 7: Elasticities of Substitution, Specifications of the Nested CES

Model 1.0 1.1 3.0(a) 3.0(b) 3.1(a) 3.1(b) 3.1(c) 3.2(a) 3.2(b)

l 21.64 15.63∗ 21.82 15.54∗ 21.57 21.37
(4.38) (3.46) (2.15) (4.28) (3.20) (2.12)

σSUR
A m 26.16 10.83 35.85 26.28 20.57∗ 11.11 18.50∗ 11.15 10.99

(6.50) (1.68) (13.77) (2.34) (12.44) (1.16) (31.27) (1.51) (0.94)
h 16.46 19.94∗ 18.27 20.37∗ 16.68 18.95

(27.44) (2.70) (2.39) (3.24) (11.83) (2.21)

l 9.56∗∗ 10.15∗∗

(8.62) (10.70)
σSUR

S m 25.74 8.80 6.83 8.84 5.67 7.00∗∗ 7.48∗∗

(6.37) (5.15) (3.86) (3.15) (4.04) (2.04) (3.51)
h 8.27∗∗ 6.69∗∗

(38.13) (4.87)

l 22.77 11.84∗ 22.63 12.06∗ 21.81 22.91
(5.73) (2.98) (2.95) (3.56) (4.63) (3.21)

σIV
A m 27.13 10.34 39.34 27.38 13.04∗ 11.19 13.73∗ 10.48 11.30

(6.97) (1.81) (23.93) (3.63) (6.55) (1.29) (7.88) (1.67) (1.38)
h 11.83 16.69∗ 15.88 17.24∗ 12.36 15.47

(5.36) (3.20) (3.86) (3.55) (4.62) (4.47)

l 7.93∗∗ 6.63∗∗

(129.07) (3048.8)
σIV

S m 26.84 7.09 4.65 6.83 4.89 5.96∗∗ 5.74∗∗

(6.77) (247.19) (3.56) (163.27) (3.21) (30.09) (83.76)
h 6.11∗∗ 8.58∗∗

(51.65) (172.03)

Model Labeling: ‘stage.relaxation(version)’. Versions (a): Age-specific relative productivities predeter-
mined by the calculations at the second stage. Versions (b): Age-specific relative productivities estimated
by means of age dummies at the third stage. Version 3.1.(c): Variant 3.1.(a) with a break in SBTC to
account for a unification shock affecting the relation between low- and medium-skilled. IV: Employment
instrumented by labor force. Standard errors in parentheses estimated by 500 bootstrap replications.
Bold numbers: Elasticities significantly finite (reciprocals significantly different from zero) at 0.95 level.
∗(∗∗) Respective parameters identical at 0.99 (0.95) level.
Data sources: IABS 1975–1997. German Microcensus.
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Table 8: Elasticities of Substitution Between Skill Groups, Perfect Substitution between
Age Classes Assumed

Model 3.1(a)] 3.1(b)] 3.1(c)] 3.2(a)] 3.2(b)] 3.2(c)] CES CES.2

l 8.48∗∗ 9.19∗∗ 9.61∗∗ 11.23
(2650.5) (1851.7) (1.20) (2.35)

σSUR
S m 5.98 8.21 8.46 7.93∗∗ 6.66∗∗ 6.53∗∗ 7.97 5.86

(0.63) (2936.7) (0.91) (676.67) (683.48) (1.04) (1.08) (1.20)
h 8.11∗∗ 6.55∗∗ 6.46∗∗ 4.53

(5412.2) (674.22) (1.83) (0.60)

l 5.60∗∗ 5.82∗∗ 6.03∗∗ 8.86∗∗

(268.92) (582.81) (1.63) (2.69)
σIV

S m 6.01 5.66 5.74 5.50∗∗ 4.96∗∗ 5.01∗∗ 6.24 5.09∗∗

(0.73) (402.95) (1.05) (270.25) (479.51) (0.99) (1.23) (1.07)
h 5.28∗∗ 6.80∗∗ 6.63∗∗ 5.22∗∗

(40598.1) (6251.8) (18.65) (0.96)

Model Labeling: ‘stage.relaxation(version)’. Versions (a): Age-specific relative productivities predeter-
mined by the calculations at the second stage. Versions (b): Age-specific relative productivities estimated
by means of age dummies at the third stage. Versions (c): Sum of age-specific employment as aggre-
gate employment. ] Perfect substitution between age classes assumed at third stage; standard errors in
parentheses estimated by 500 bootstrap replications. IV: Employment instrumented by labor force. Bold
numbers: Elasticities significantly finite (reciprocals significantly different from zero) at 0.95 level. ∗(∗∗)
Respective parameters identical at 0.99 (0.95) level.
Data sources: IABS 1975–1997. German Microcensus.
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Table 9: Substitution Parameters, Variation Across Equations Allowed

Model 3.3(a) 3.3(b) 3.3(a)] 3.3(b)] 3.3(c)] CES.3

l 15.81∗ 21.39
(3.50) (2.14)

σSUR
A m 20.69∗ 11.29

(12.91) (1.19)
h 20.17∗ 21.01

(2.71) (2.46)

lm 6.73∗ 8.76∗∗ 5.15∗∗ 8.19∗∗ 8.45∗∗ 7.86
(3.89) (2.23) (0.60) (3199.0) (0.91) (1.00)

σSUR
S hm 6.77∗ 8.81∗∗ 6.69∗∗ 8.46∗∗ 8.62∗∗ 7.93

(3.89) (2.96) (1.12) (3313.6) (1.16) (2.74)
hl 6.99∗ 8.78∗∗ -32.05∗∗ 8.28∗∗ 8.50∗∗ 9.59

(4.00) (2.15) (1090.9) (1947.2) (0.93) (2.16)

l 12.27∗ 22.67
(3.15) (2.89)

σIV
A m 13.25∗ 11.56

(6.97) (1.37)
h 17.51∗ 17.51

(3.31) (1.37)

lm 4.49∗∗ 6.59∗∗ 4.91∗∗ 5.62∗∗ 5.74∗∗ 7.14∗∗

(3.64) (166.96) (0.58) (489.05) (1.14) (2.23)
σIv

S hm 4.47∗∗ 11.74∗∗ 7.99∗∗ 7.57∗∗ 7.36∗∗ 6.68∗∗

(4.80) (111.50) (7.31) (1292.1) (5.72) (2.96)
hl 5.28∗∗ 7.92∗∗ 1.29∗∗ 6.24∗∗ 6.24∗∗ 7.36∗∗

(6.53) (89.04) (16.70) (356.89) (1.29) (2.15)

Model Labeling: ‘stage.relaxation(version)’. Versions (a): Age-specific relative productivities predeter-
mined by the calculations at the second stage. Versions (b): Age-specific relative productivities estimated
by means of age dummies at the third stage. Versions (c): Sum of age-specific employment as aggregate
employment. ] Perfect substitution between age classes assumed at the third stage. IV: Employment
instrumented by labor force. Standard errors in parentheses estimated by 500 bootstrap replications.
Bold numbers: Elasticities significantly finite (reciprocals significantly different from zero) at 0.95 level.
∗(∗∗) Respective parameters identical at 0.99 (0.95) level.
Data sources: IABS 1975–1997. German Microcensus.
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