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1 Introduction

Lately, a growing number of studies has emerged that investigate the extent of monopsony
power in the labour market (Ashenfelter et al) [2010). Other than classic accounts that
saw employer concentration as the source of monopsony power, the recent literature makes
clear that employers may readily possess marked wage-setting power in labour markets
consisting of many competing firms. Potential reasons include search frictions, mobility
costs, or job differentiation, all of which impede workers’ responsiveness to wages. This
causes the labour supply curve to the single firm to be upward-sloping, rather than being
horizontal as under perfect competition (Boal and Ransom), [1997)).

To assess the empirical relevance of monopsony power, a growing literature therefore
tries to estimate the firm-level labour supply elasticity (Barth and Dale-Olsen, 2009} Falch,
2010, 2011; Hirsch et al., [2010; Ransom and Oaxaca, [2010; Ransom and Sims, [2010;
Booth and Katic, [2011; |[Hirsch and Jahn, 2012; Depew and Serensen, [2013; [Hotchkiss
and Quispe-Agnoli, 2013; Webber, 2013a,b). The vast majority of these studies employ
an estimation framework proposed by Manning (2003) that relies on a simple model
of dynamic monopsony in which search frictions cause workers’ labour supply to the
firm to be imperfectly elastic. Imposing the structure of |Burdett and Mortensens (1998))
search model and a steady-state assumption, these studies estimate the firm-level labour
supply elasticity from the wage responsiveness of firms’ labour flows. Overall, the resulting
estimates of the elasticity turn out to be far from infinite, suggesting a non-trivial degree
of monopsony power in the labour market (for a recent survey, see Manning, 2011)).

Up to now, however, there is no evidence on the evolvement of employers’” market
power over the business cycle, with the notable exception of a recent study by Depew
and Sgrensen (2013)). Yet, particularly monopsony power due to search frictions should
be less felt by workers during economic upturns with many outside offers available to
them compared to economic downturns with lingering outside opportunitiesE] Moreover,

during bad times workers’ preference for job security might induce them to be less wage-

1 |Depew and Sgrensen| (2013) discuss this point in detail within Burdett and Mortensen/s (1998)
equilibrium search model and show that indeed the firm-level labour supply elasticity is lower in
labour markets with a decreased job offer arrival rate and/or an increased job destruction rate.



driven than during good times. One is thus to expect the firm-level elasticity to move
procyclically. Refining |Manning's estimation approach by allowing firms’ employment
levels to change over time, Depew and Sgrensen| investigate the cyclical behaviour of
the firm-level labour supply elasticity with data stemming from two large American firms
for the years 1919-1940. They find that the elasticity is indeed moving procyclically.
Estimates range from —0.9 during the Great Depression to 5.5 in the subsequent recovery
and thus imply a substantially varying monopsonistic markdown on wages of 15 to 100
per cent.

We build on [Depew and Sgrensen| (2013) by investigating the cyclical behaviour of
the firm-level labour supply elasticity for West Germany using linked administrative
employer—employee data encompassing the years 1985-2010. In doing so we improve on
their contribution in several ways: (i) Our data set is based on a current representative
sample of all workers covered by the German social security system and thus complements
their findings based on two large firms’ personnel files from the pre-war U.S. with recent
results for a whole economy based on high-quality administrative data. (ii) The richness
of our data set allows us to explicitly take into account hired workers’ previous and
separating workers’ subsequent labour market status and thus to use a more sophisticated
estimation approach distinguishing transitions from/to employment from those from/to
non-employment. (iii) The high frequency and long time span of our data further permits
us to use hazard rate models on an inflow sample of job spells thereby accounting for
left-truncation and right-censoring of job durations and unobserved time-invariant worker
heterogeneity. (iv) What is more, the richness of our data allows us to confront the cyclical
movements in employers’ monopsony power with observed fluctuations in workers’ wages
and thus to relate predicted cyclical wage changes under monopsonistic wage setting to
those actually appearing.

The remainder of this paper is organised as follows: Section [2] sets up our econometric
approach that will be used to estimate the firm-level labour supply elasticity and its
cyclical fluctuations from job transition data. The data used are described in Section [3]

Section [4] presents and discusses our results, and Section [5| concludes.



2 Econometric Approach

2.1 Estimating the Firm-Level Labour Supply Elasticity

The starting point of our econometric approach, which has been pioneered by Manning
(2003, pp. 96-104) and refined later by Depew and Sgrensen| (2013) and [Webber| (2013 al/b)),
is a simple dynamic monopsony model for the labour supply to the firm. Consider a firm

paying some wage w; at time period ¢ € N. We model the labour supply to this firm as
Lt = Lt(wt, Lt—l) = Re(wt) + R”(wt) + [1 - se(wt) — s”(wt)]Lt_l, (1)

with some initial labour supply Lo > 0, where R¢(w;) > 0 (R"(w;) > 0) denotes the
number of recruits hired from employment (non-employment) with R, R™ > 0 and
0 < s(wy) <1(0< s"(wy) < 1) the separation rate to employment (non-employment)
with s¢, s < 0. Define 74 = (L; — Ly_1)/Li_1 as the growth rate of the firm’s labour

supply from ¢ — 1 to t. Then, rearranging of yields

(v + D[R(wy) + R™(w;)]

Leln) = s¢(wy) + 5™ (we) + 7

: (2)

Taking logs, differentiating with respect to w;, and multiplying by w, give

_ ¢ n O (wy)s (w) [1—Os(wy)]s"(we)
ELw = eR(wt>8Rw+[1_eR(wt>]€Rw_Se(wt) I es(wt)%tgsw_sn<wt) + [1 _ Hs(wt)]7t83w7 (3)

where ¢, (e7,) denotes the separation rate elasticity to employment (non-employment),
€% (E'h,) the recruitment elasticity from employment (non-employment), 0 (w;) the share
of hires from employment, and 6,(w;) the share of separations to employment.

Equation simplifies once we impose more structure on the model. Following the
previous literature we make use of Burdett and Mortensen's (1998) equilibrium search
model. In this model, employed workers search on the job drawing job offers from the
wage distribution F' at a constant rate A and are assumed to change employers whenever

the offered wage is larger than the current one. Hence, the separation rate to employment



and the recruits from employment are given by

e(w

s%(we) = A[l = F(wy)], (4)
we
Re(wy) = )\/ Li(z)dF(x), (5)
w
where w denotes workers’ common reservation wage. Using the separation rate
elasticity to employment is given by

_ )\F'(wt)wt

s¢(wy)
Making use of (2), (5), and (6)) the recruitment elasticity from employment becomes

o AL (wy) F' (wy)wy _ _Se(wt)Lt(wt)ge _ 0s(we) (v + 1)s(wy) e (7)
fiw Re(wy) Re(wy) Or(we)[s¢(w) + Os(we)ye] ™

Next, turn to the recruits from non-employment. These are given by

1-— QR(wt)

R"(wy;) = Fn(0y)

R (wy). (8)

Taking logs, differentiating with respect to w;, and multiplying by w; yield

9;% (wt)wt e 6511}

SR = Ehe T T g (o Bntw) R T 1= p(wn) 9)

with €}, denoting the wage elasticity of the share of recruits hired from employment.

Combining , , and @ we get

S Os(w) [y + 1+ Op(w,)]s¢(wy) o [1— 0, (wy)]s™ (wy) o o)
w . GR(U)t)[Se(wt) +95<wt>’}/t] ) sw Sn(wt) + [1 _ es(wt)]’}/tj sw w?

N

2
2

which allows us to estimate the firm-level labour supply elasticity from the two separation

rate elasticities, €¢, and €7,

s their weights, a and b, and the wage elasticity of the share

of recruits hired from employment.ﬂ

2 Note that equation differs from the equation estimated by |Webber| (2013allb)). The reason for
this is that [Webbers equation (9) imposes L; = (v + 1)R%(wt)/[y: + s§(w¢)], thereby ignoring



Note that equation ((10) nests the simpler approaches used in the earlier literature to
estimate the firm-level labour supply elasticity: (i) Assuming a steady-state environment
with constant employment for all firms, that is 0(w) = Or(w) = 05(w) and v, = 0, equation

simplifies to

erw = —[1 4+ 0(w))es, — [1 — O(w)]e?, — &b, (11)

sw

as in Manning (2003| p. 100). (ii) Restricting to an environment without transitions from
and to non-employment instead, but allowing for changes in the firm’s employment, i.e.

0% (w;) = 6°(w;) = 1, equation becomes

2)5€
ELw - (’Yt + )S (wt)giw’ (12)
s°(wy) +

which corresponds to Depew and Sgrensen’s (2013) equation (2). (iii) Additionally
imposing a steady state with constant employment, i.e. v, = 0, we get

(4
ELw = —2Eg,

as in Manning (2003, p. 98).

2.2 Econometric Specification

To estimate the firm-level labour supply elasticity over the business cycle using equation
(10]), we thus have to estimate the cyclical movement of five components: (i) the separation
rate elasticity to employment ¢, and (ii) its weight a, (iii) the separation rate elasticity
to non-employment €7, and (iv) its weight b, and (v) the wage elasticity of the share of
recruits from employment e . In the following, we will use the aggregate unemployment
rate lagged by a year as a measure of the business cycle as workers’ transition behaviour
is unlikely to respond immediately to changes in the labour market situation.

To arrive at estimates of the separation rate elasticities to employment and non-

the impact of recruits coming from and incumbent workers separating to non-employment on the
firm-level labour supply (see equation for comparison).



employment, we follow Hirsch et al.| (2010) and model the separation rates of job spell i

belonging to worker m(i) as exponential models

s;(x; (1), Upiy) = exp(x; (t)' B ) vm (14)

with 7 = e,n, a vector of time-varying covariates x}(¢), a corresponding vector of
coefficients (3", and unobserved worker heterogeneity Upniy» which is assumed to follow
a gamma distribution (as put forward by |Abbring and van den Berg, 2007)E| Note that
by specifying separation rates as exponential models, we do not control for job tenure (i.e.
we impose a constant baseline hazard on the model and thus restrict the separation rate
to show no duration dependence). Of course, this puts a severe restriction on the models.
Yet, we follow Manning| (2003], p. 103) in arguing that under monopsony firms pay higher
wages in order to reduce separations and increase tenure. Controlling for tenure would
fail to attribute this indirect effect on the firm’s labour supply to wages and therefore
yield a downward bias (in absolute value) in the estimated separation rate elasticities[]
To estimate the separation elasticities, we include the log wage and its interaction with
the lagged unemployment rate u;(t) as covariates in (14]). So the respective separation
rate elasticity is given by % = I + 87, X u;(t), and the estimated ], informs us on its
cyclicality.

The wage elasticity of the share of recruits hired from employment is estimated from
a random-effects logit model for the probability that a recruit comes from employment

(as opposed to non-employment)

where notation follows the same rules as before, y; is an indicator for a hire from

3 Assuming conditional independence of the separation probabilities to employment and non-
employment Manning| (2003, pp. 100/101) shows that they can be estimated separately by two
univariate hazard rate models. When estimating the separation rate to non-employment all job
spells are used. When estimating the separation rate to employment, however, only those job spells
that do not end in non-employment are considered.

This is exactly what is found in a later check of robustness in which we use stratified Cox models that
allow for a worker-specific baseline hazard and thereby control for both time-invariant unobserved
worker heterogeneity and job tenure.



employment, A denotes the c.d.f. of a standard logistic distribution, and unobserved worker
heterogeneity v, is Gaussian. Again, we include the log wage and its interaction with the
unemployment rate u; as covariates in . As can be easily shown, £ + ;. X u; gives
the wage elasticity of the share of recruits hired from employment divided by 1 — 0.
Finally, the weights of the separation rate elasticities to employment and non-
employment, a and b, are estimated from the data. That is, for every period a and b

are calculated using the period sample averages of 6y, 0r, s¢, s™, and ;.

€
sw?

n
nw?

Together, the period estimates of €¢,, € . €& . a, and b allow us to construct a time
series of the firm-level labour supply elasticity. In a next step of analysis, we relate this time
series to the lagged unemployment rate in the economy to see by how much the elasticity
is moving over the business cycle. In a last step, we compare cyclical fluctuations in the
elasticity to those in workers’ wages to gain insight into the potential economic relevance

of cyclical changes in employers’ monopsony power.

3 Data

To put this approach into practice, we need detailed high-frequency data on job lengths,
preceding and subsequent jobs and periods of non-employment, as well as on workers
and employers over a long period of time, ideally encompassing several business cycles.
For our purpose, we combine two administrative data sets for the period 1985-2010: the
Integrated Employment Biographies (IEB) and a quarterly version of the Establishment
History Panel (BHP) provided by the Institute for Employment Research (IAB).

The data on job lengths (on a daily basis), transitions, wages (deflated by the consumer
price index), and worker characteristics come from a 5 per cent random sample of the
IEB. The IEB comprises all wage and salary employees registered with the German
social security system, where about 80 per cent of all people employed in Germany are
covered by the systemﬁ Since the information contained is used to calculate social security
contributions, the data set is highly reliable and especially useful for analyses taking wages

and job durations into account.

®  For details on the IEB, see Jacobebbinghaus and Seth| (2007)).



Information on employers comes from a quarterly version of the BHP which again
consists of data from the German social insurances that are this time aggregated at the
end of each quarterﬁ It not only contains information on plants’ workforce composition
and size but also on plant closures. This allows us to calculate the geometric mean of
plants’ growth rate, where we exclude plants (and job spells in these plants) during their
founding and closing year [

Although our data contain observations for East German workers from 1992 onwards,
restricting our analysis to the post-unification period would markedly reduce our period
of observation and thus the scope of our investigation. We will thus focus our analysis
throughout on individuals working in West Germany (excluding Berlin) during the period
19852010 and further restrict it to males aged 18-55 years to circumvent selectivity issues
regarding female employment and early retirement.

The merged data set allows us to build up an inflow sample of job spells starting
between 1985 and 2010 taking into account workers’ previous labour market status, the
job length, and — provided the job ended during our period of observation — workers’
subsequent labour market status. In the following, we follow our theoretical model and
distinguish two labour market status: employment and non-employment. Consequently, a
job may end with a transition to employment, which refers to a new job with another
employer (i.e. a plant with a different plant identifier), or with a transition to non-
employment, which refers to a subsequent spell in registered unemployment or no spell
in the data at allﬁ The latter either implies that the individual has changed to non-
employment without receiving unemployment benefits or that he has become, for instance,
a self-employed worker not included in the data set. While our data do not enable us to
disaggregate this category of unknown destination, information from other German data
sets suggests that the vast majority of employees in this category have indeed moved to

non-employment

6 For details on the BHP, see [Spengler| (2009).

Note that plant size does not comprise marginally employed workers as these are not consistently
included in our data. Besides, we drop job spells within a very few plants with implausibly large
growth rates (i.e. larger than 100,000 per cent) and within plants with size zero.

Separations are ignored if the employee is recalled by the same plant within three months.

See, for example, Bartelheimer and Wieck| (2005) for a transition matrix between employment
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Whereas information on job spells and daily gross wages included in the data are
highly reliable, the data include no detailed information on the number of hours worked.
Also, wages are top-coded at the social security contribution ceiling. To deal with the
first drawback, we restrict our analysis to full-time workers. To cope with the second,
we exclude job spells with wages above the ceiling. Besides, information on workers’
education is provided by employers and therefore inconsistent or missing for some workers.
To alleviate this problem, we impute the missing information on education by employing
a procedure proposed by [Fitzenberger et al.| (2006) that allows inconsistent education
information to be corrected. After applying this imputation procedure, only about 1.5 per
cent of the job spells are dropped due to missing or inconsistent information on education.

As can be seen from Table[I] our final data set comprises an inflow sample of 2,588,212
job spells belonging to 852,202 workers employed by 657,811 plants. Out of these jobs,
41.7 per cent start from employment and 58.3 from non-employment. Similarly, out of the
2,296,704 jobs terminated during our observation window, 1,034,253 or 45.0 per cent end
with a separation to employment and 1,262,451 or 55.0 per cent end with a transition to

non-employment. For further descriptives on our sample, see Appendix Table [A.T]

Table 1: Job spells and transitions

Job spells 2,588,212
Workers 852,202
Plants 657,811
Hires from employment 1,080,164 (41.7)
Hires from non-employment 1,508,048 (58.3)
Separations to employment 1,034,253 (40.0)
Separations to non-employment 1,262,451 (48.8)
Right-censored job spells 291,508 (11.3)

Notes: The data sets used are a 5 per cent random sample
of the IEB and a quarterly version of the BHP, 1985-2010.
Percentages in parentheses.

and non-employment based on the German Socio-Economic Panel that allows stratification of the
‘unknown’ category into detailed categories.
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4 Results

4.1 Cyclicality of the Firm-Level Labour Supply Elasticity

To arrive at estimates of the firm-level labour supply elasticity, we first of all estimate
exponential models for the separation rates to employment and non-employment and a
random-effects logit model for the probability that a recruit is hired from employment
as opposed to non-employment. This provides us with estimates for the separation rate
elasticities to employment and non-employment and the wage elasticity of the share of
recruits hired from employment. All these models include individuals’ log wage and the
interaction term of the log wage and the lagged West German unemployment rate as
main regressors to allow for varying elasticities over the business cycle. We further include
six age, two education, and ten occupation dummies and an indicator for an immigrant
worker to control for individual CharacteristicsF_U] As plant controls we add four plant
size dummies, the shares of low-skilled, high-skilled, female, immigrant, and part-time
workers in the plant’s workforce, the median age of the plant’s workers, and 24 sector
dummies. All estimations further include macro controls, namely year and quarter of job
entry dummies, dummies for the size of the region the firm is located in (i.e. rural, urban,
or metropolitan), and the lagged aggregate unemployment rate.

Fitting these models, the main results of which are presented in Table [2| we find
that all three elasticities vary statistically significantly over the business cycle: If the
unemployment rate is high, both the separation rate elasticities to employment and non-
employment are lower in absolute value (though the effect on the latter is very small in
magnitude) whereas the wage elasticity of the share of recruits hired from employment
gets larger. As can be readily seen from equation , every change in isolation as well as
all changes together depress the firm-level labour supply elasticity and thus raise firms’
Monopsony power.

To construct a time series of the firm-level labour supply elasticity, we next have to

estimate the weights of the two separation rate elasticities in equation (10)), a and b, from

10 We follow [Briicker and Jahn| (2011) and count as immigrant all workers with non-German citizenship

and so-called ethnic German immigrants, who possess German citizenship.
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Table 2: Separation rate and recruitment elasticities

Exponential model for separation rate to employment
log wage —1.778%* (0.019)
log wage X unemployment rate 0.041** (0.002)

Exponential model for separation rate to non-employment
log wage —1.631** (0.016)
log wage x unemployment rate 0.007** (0.002)

Logit model for hiring probability from employment
log wage 0.877** (0.026)
log wage x unemployment rate 0.042** (0.003)

Notes: The data sets used are a 5 per cent random sample of the IEB and
a quarterly version of the BHP, 1985-2010. Standard errors clustered at
person level in parentheses. **/* denotes statistical significance at the 1/5
per cent level. Covariates included in the estimations are two education,
six age, three plant size, and quarter and year of entry dummies, dummies
indicating the size of the regional labour market, for an immigrant worker,
one-digit occupation, and two-digit industry, the shares of low-skilled,
high-skilled, female, immigrant, and part-time workers in the plant’s
workforce, the median age of its workforce, and the lagged aggregate
unemployment rate. Detailed results are available on request.

the data by combining quarterly information on employment flows and plant growth rates.
From the estimates of the separation rate and recruitment elasticities and the weights we
obtain a quarterly time series of the firm-level labour supply elasticity for the years 1985—
2010. As is clear from Table [3] summarising our estimates, the firm-level labour supply
elasticity is varying markedly over our period of observation with estimates ranging from
1.17 to 2.84 (and thus well within the range of the previous steady-state estimates surveyed
by Manning), 2011, Table 7). The same holds for the aggregate unemployment rate which
varies from 5.8 to 11.8 per cent. A plot of both the elasticity and the unemployment rate
time series (see Figure|l)) is suggestive of a substantial procyclicality of the elasticity. Yet,
the plot also reveals a strong seasonality in the elasticity series.

To get rid of the seasonality and a potential trend in the labour supply elasticity,
we run some simple regressions, regressing the elasticity on the unemployment rate, a
group of quarter dummies, and a quadratic time trend. As can be seen from Table []

there is a significantly negative correlation between the estimated labour supply elasticity
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Table 3: Unemployment rate and the estimated elasticities and weights

Mean S.D. Min Max

Lagged aggregate unemployment rate (per cent) 8.705 1.286  5.800 11.800
Labour supply elasticity at firm level (£1,,) 2.044 0.326 1.166 2.835
Separation rate elasticity to employment (£¢,) —-1.424 0.052 -1.542 —-1.298
Separation rate elasticity to non-employment (€7,) -1.571 0.009 -1.592 -1.550
Elasticity of the share of hires from employment (¢4,,) 0.718 0.090 0.560 0.943
Weight of separation elasticity to employment (a) 1.370 0.164 0.692 1.841
Weight of separation elasticity to non-employment (5) 0.516 0.100 0.288  0.755
Observations (quarters) 104

Notes: The data sets used are a 5 per cent random sample of the IEB and a quarterly version of
the BHP, 1985-2010. The separation rate and recruitment elasticities are estimated using the results
from Table [2 The weights are calculated using quarterly sample averages. The firm-level labour supply
elasticity is estimated using equation .
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Figure 1: The lagged aggregate unemployment rate and the estimated firm-level labour
supply elasticity
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and the unemployment rate that hardly changes when controlling for seasonal and trend
patterns. An increase in the unemployment rate by one percentage point is associated
with a decrease in the labour supply elasticity of about 0.12.

To get an impression about the economic relevance of this number, recall that under
monopsonistic wage setting workers’” wage w™ is a fraction of their marginal revenue

product ¢ that directly depends on the firm-level labour supply elasticity,

m €Lw
Erw +1

®. (16)

At the mean elasticity of our sample of 2.04 (see Table [3)) this suggests that workers
obtain just 67.1 per cent of their marginal product and thus implies a considerable extent
of monopsony power. Now consider a marked economic downturn leading to an increase
in the unemployment rate by, say, 2.5 percentage points. Using the results from Model 3
in Table [] this decreases the elasticity by 0.29 to 1.75, and workers are thus expected
to receive only 63.7 per cent of their marginal product. In other words, workers’ wages
are expected to decrease by 5.2 per cent if employers make full use of their additional
monopsony power over their workers. Our results therefore are in line with theory in
suggesting that the firm-level labour supply elasticity moves procyclically and so in an

economically significant way.

Table 4: Firm-level labour supply elasticity and unemployment rate

Model 1 Model 2 Model 3
Unemployment rate  0.114%* (0.018) 0.116%* (0.016) 0.116** (0.018)
2nd quarter (dummy) —0.318** (0.108) —0.319** (0.111)
3rd quarter (dummy) —0.262*%* (0.050) —0.262** (0.045)
4th quarter (dummy) —0.295%* (0.049) —0.295%* (0.041)
Year 0.028** (0.010)
Year? / 100 —0.125%* (0.041)
Constant 2.044%% (0.025)  2.263** (0.051)  2.180** (0.062)

Notes: The data sets used are a 5 per cent random sample of the IEB and a quarterly version
of the BHP, 1985-2010. The regression sample is described in Table [3] The regressand is
the firm-level labour supply elasticity. Newey—West standard errors (with lag length four)
in parentheses. **/* denotes statistical significance at the 1/5 per cent level. The lagged
aggregate unemployment rate is centred around its mean.
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4.2 Cyclicality of Firms’ Monopsony Power and Workers’ Wages

Although we have identified substantial and varying monopsony power, it remains unclear
whether firms actually exploit cyclical changes in their monopsony power by raising wages
during economic upturns and lowering them when economic activity is deteriorating.
While employers’ are unlikely to (substantially) change ongoing wages, due to institutional
constraints like collective bargaining or implicit contracts, entry wages have shown to
be considerably responsive to the business cycle in Germany (for a survey and recent
evidence, see [Stiiber, 2013). To relate our findings on the procyclicality of the firm-level
supply elasticity to cyclical fluctuations in workers’ wages, we run some standard wage
regressions regressing workers’ entry wages on the lagged aggregate unemployment rate
and all the covariates included in the hazard rate and logit models controlling for personal
and firm characteristics. The results shown in Table [5| confirm that entry wages respond
significantly to changes in the unemployment rate["] In a standard OLS wage regression,
an increase in the unemployment rate by 1 percentage point is associated with a significant
decrease in the entry wage of about 1.5 per cent. When also including worker fixed effects,
this effect reduces somewhat to 1.2 per cent but is still sizeable.

As we previously saw, our results imply that under pure monopsonistic wage setting a
severe economic downturn increasing the unemployment rate by 2.5 percentage points is
expected to reduce workers’ wages by 5.2 per cent. Our wage regressions document that
workers’ entry wages would sink by 3-3.8 per cent if such an increase in unemployment
were to occur. Hence, cyclical changes in employers’ wage-setting power are able to
account for the procyclicality of workers’ wages, though admittedly we cannot be sure that
observed wage changes actually reflect cyclical changes in monopsony power. Nevertheless,
our back-of-the-envelope calculation makes clear that the procyclicality of the firm-level
labour supply elasticity is of the magnitude needed to generate observed wage changes
if employers were to fully exploit their wage-setting power. This contrasts with the

earlier contribution by Depew and Sgrensen| (2013) who found cyclical fluctuations of

11 Note that, in line with our expectations, running similar regressions including incumbent workers’

wages shows that wages are almost unresponsive to changes in the unemployment rate. The effect
of the unemployment rate is only about a tenth of the effect on entry wages.
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Table 5: Entry wage regressions

OLS Person FE

Unemployment rate -0.015%* (0.001) —0.012** (0.001)
Immigrant (dummy) ~0.050** (0.001)

Medium-skilled (dummy) 0.118%* (0.001)  0.044** (0.001)
High-skilled (dummy) 0.280** (0.002)  0.272** (0.002)
Age 18-25 years (dummy) -0.099** (0.001) —0.025** (0.001)
Age 31-35 years (dummy) 0.055%* (0.001) —0.016** (0.001)
Age 36-40 years (dummy) 0.082** (0.001) —0.069** (0.002)
Age 41-45 years (dummy) 0.092** (0.001) —0.144** (0.002)
Age 46-50 years (dummy) 0.091** (0.001) -0.236** (0.003)
Age 51-55 years (dummy) 0.079** (0.002) —0.340** (0.004)
Plant size 11-50 (dummy) 0.062** (0.001)  0.047** (0.001)
Plant size 51-200 (dummy) 0.073** (0.001)  0.053** (0.001)
Plant size 201-1000 (dummy) 0.124** (0.001)  0.089** (0.001)
Plant size > 1000 (dummy) 0.167%* (0.001)  0.120%* (0.001)
Share of low-skilled workers ~0.085** (0.001) —0.060** (0.001)
Share of high-skilled workers 0.373** (0.003)  0.249** (0.003)
Share of female workers —0.132** (0.002) —0.105** (0.001)
Share of immigrant workers ~0.117** (0.002) —0.061** (0.002)
Share of part-time workers —0.067** (0.002) —0.050** (0.002)
Median age of workforce / 100 0.511** (0.004)  0.337** (0.004)
Observations 2,588,212

Notes: The data sets used are a 5 per cent random sample of the IEB and a
quarterly version of the BHP, 1985-2010. The regressand is the log gross daily
wage in the first observation of every job spell. Standard errors clustered at
the person level in parentheses. **/* denotes statistical significance at the 1/5
per cent level. Further covariates included are dummies indicating the size of
the regional labour market, dummies for one-digit occupation and two-digit
industry, as well as quarter and year dummies.

monopsonistic markdown that are magnitudes higher than those of workers” wages. One
has to bear in mind, however, that [Depew and Sgrensen’s study utilises pre-war data
from two U.S. firms’ personnel files that comprise the unprecedented slump during and
the strong recovery following the Great Depression and thus a period of unique economic

turmoil unlikely to compare to our period of observation.
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4.3 Robustness to Unobserved Worker Heterogeneity

One legitimate concern regarding our findings is that transiting workers may differ
considerably in terms of unobserved characteristics depending on the current state of
the business cycle. As a case in point, a worker changing employers during bad times
is arguably of much higher quality than a worker doing so during a boom. Therefore,
our findings might suffer from bias if wages and workers’ transition behaviour are
correlated with unobserved worker quality. To scrutinise the impact of unobserved worker
heterogeneity on our findings, we redid our analysis estimating separation rate and
recruitment elasticities from models that control for unobserved time-invariant worker
heterogeneity allowing this heterogeneity to be correlated with observed covariates.

More precisely, separation rate elasticities are estimated from stratified Cox models.
In these models, we specify the baseline hazard to be some arbitrary worker-specific
function of job tenure thereby including unobserved worker heterogeneity. Adopting the
stratified partial likelihood estimator allows us to sweep out the worker-specific baseline
hazard without the need of identifying it and thus to estimate the covariates’ coefficients
while controlling for unobserved worker heterogeneity in a similarly convenient way as
with the within estimator in linear fixed-effects models (cf. |Ridder and Tunali, [1999).
That said, estimating stratified Cox models implies that we control for job tenure as
the worker-specific baseline hazard drops out of the partial likelihood function without
being constrained to be constant over job tenure. As discussed in Section [2.2] controlling
for tenure misses the indirect effect of wages on the firm-level labour supply through
job tenure. We should therefore expect estimated separation rate elasticities, and thus
the estimates of the firm-level labour supply elasticity, to be considerably lower than in
our previously estimated exponential models that do not control for job tenure. Finally,
the wage elasticity of the share of recruits hired from employment is estimated from a
conditional logit model.

As can be seen from Appendix Table estimates of all the elasticities including the
firm-level labour supply elasticity are markedly lower when controlling for unobserved

time-invariant worker heterogeneity by means of stratified Cox and conditional logit
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models. As a consequence, employers’ implied wage-setting power gets much larger. At
the mean elasticity of 1.28, pure monopsonistic wage setting would result in workers
receiving just 56.2 per cent of their marginal revenue product. Nonetheless, Appendix
Figure and Appendix Table make clear that this does not affect our findings
regarding the procyclicality of the firm-level labour supply elasticity. Notably, the effect
of an increase in the unemployment rate on the elasticity remains almost the same. Due to
the low elasticity estimates, however, wages are expected to move much stronger over the
cycle. Consider again a rise in the unemployment rate by 2.5 percentage points. Using the
estimates from Appendix Table the elasticity is expected to drop to 0.94. Thus, under
pure monopsonistic wage setting workers would just get 48.0 per cent of their marginal
productivity, and wages are expected to drop by 14.5 per cent. While these numbers
seem unreasonably high, we conclude from this check of robustness that our findings from
Sections K1l and do not suffer from omitted variables bias due to unobserved worker
heterogeneity correlated with workers’ wages. Given that these results do not suffer from
downward bias stemming from controlling for job tenure, we regard them as our preferred

specification.

5 Conclusions

Using administrative linked employer—employee data for West Germany comprising the
years 19852010, this paper has investigated the cyclical behaviour of the labour supply
elasticity to the firm. In line with theoretical expectations, we found that the elasticity
moves procyclically. The procyclicality of the elasticity found is pronounced enough to give
rise to substantially higher monopsony power during economic downturns when workers
are bereft of outside options and labour markets are therefore less competitive.

The long time horizon and high frequency of our data allowed us to substantially
improve on Depew and Sgrensen’s (2013) earlier contribution by using a more
sophisticated estimation procedure based on duration models that allows us to address
left-truncated and right-censored job durations and to distinguish employment and non-

employment as distinct labour market states. What is more, we are able to use recent
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data for a whole economy whereas |Depew and Sgrensen| are only able to base their
evidence on pre-war data from personnel files of two large U.S. firms, a period including
the considerably economic turmoil surrounding the Great Depression and thus unlikely
to compare to our period of observation.

In our preferred specification, an economic downturn that causes an increase of the
unemployment rate by 2.5 percentage points is expected to decrease the firm-level labour
supply elasticity in such a way that workers’ wages under pure monopsonistic wage setting
would drop by 5.1 per cent. This comes close to the observed cyclical pattern of workers’
entry wages in our data, where actual wages are expected to decrease by 3.0-3.8 per cent
following such an increase in unemployment. While we obviously cannot claim causality
here, this finding points at the potential relevance of cyclical fluctuations of employers’
wage-setting power for the cyclical change in workers’ wages. It also contrasts with |Depew
and Sgrensen/s previous results with fluctuations in monopsonistic markdowns being
magnitudes higher than observed wage changes. In a check of robustness, we also saw
that the expected drop in the elasticity is of very similar magnitude when controlling for
unobserved time-invariant worker heterogeneity. So our findings are unlikely to be driven
by unobserved worker characteristics related to workers’ wages and job mobility.

Following Manning| (2003], p. 13) who argues ‘that our understanding of labor markets
would be much improved by thinking in terms of a model where the labor supply curve
facing the firm is not infinetely elastic’, we think the procyclicality of workers” wages to be
another phenomenon monopsony can shed light on. Of course, our findings present only a
first indication of the possible relevance of cyclical fluctuations in employers’ wage-setting
power for the cyclical behaviour of workers” wages. To establish the causal link behind the
comovement of workers” wages and the labour supply elasticity at the firm level therefore

seems to be a promising avenue for future research.
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Table A.1: Selected descriptives (means)

Gross daily wage (€) 85.203
Log gross daily wage 4.387
Unemployment rate (per cent) 8.698
Immigrant (dummy) 0.144
Low-skilled (dummy) 0.124
Medium-skilled (dummy) 0.802
High-skilled (dummy) 0.074
Age (years) 34.225
Age 18-25 years (dummy) 0.184
Age 31-35 years (dummy) 0.203
Age 36-40 years (dummy) 0.192
Age 41-45 years (dummy) 0.165
Age 46-50 years (dummy) 0.129
Age 51-55 years (dummy) 0.040
Tenure (years) 3.591
Plant size < 10 (dummy) 0.155
Plant size 11-50 (dummy) 0.259
Plant size 51-200 (dummy) 0.247
Plant size 201-1000 (dummy) 0.210
Plant size > 1000 (dummy) 0.129
Share of low-skilled workers 0.206
Share of medium-skilled workers 0.618
Share of high-skilled workers 0.057
Share of female workers 0.168
Share of foreign workers 0.097
Share of part-time workers 0.110
Median age of workforce (years) 37.609
Observations 25,572,616

Notes: The data sets used are a 5 per cent random
sample of the IEB and a quarterly version of the
BHP, 1985-2010.
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Table A.2: Unemployment rate and estimated elasticities and weights when controlling
for unobserved time-invariant worker heterogeneity

Mean S.D. Min Max

Lagged aggregate unemployment rate (per cent) 8.705 1.286  5.800 11.800
Labour supply elasticity at firm level (£1,,) 1.282  0.269 0.561  1.948
Separation rate elasticity to employment (£¢,) -1.040 0.087 -1.236 —0.832
Separation rate elasticity to non-employment (£7,) -0.842 0.006 -0.856 —0.827
Elasticity of the share of hires from employment (£¢,,)  0.577 0.079  0.432  0.791
Weight of separation elasticity to employment (a) 1.370 0.164 0.692 1.841
Weight of separation elasticity to non-employment (13) 0.516 0.100 0.288  0.755
Observations (quarters) 104

Notes: The data sets used are a 5 per cent random sample of the IEB and a quarterly version of the
BHP, 1985-2010. The separation rate and recruitment elasticities are estimated using results analogous
to those from Table[2]but using stratified Cox and conditional logit models controlling for time-invariant
worker heterogeneity instead. The weights are calculated using quarterly sample averages. The firm-
level labour supply elasticity is estimated using equation .
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Figure A.1: Lagged aggregate unemployment rate and estimated firm-level labour
supply elasticity when controlling for unobserved time-invariant worker
heterogeneity
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Table A.3: Firm-level labour supply elasticity and unemployment rate when
controlling for unobserved time-invariant worker heterogeneity

Model 1 Model 2 Model 3
Unemployment rate ~ —0.141** (0.013) —0.143** (0.012) —0.143** (0.013)
2nd quarter (dummy) —0.194** (0.073) —0.195%* (0.075)
3rd quarter (dummy) —0.165** (0.036) —0.164** (0.032)
4th quarter (dummy) —0.184** (0.037) —0.184** (0.031)
Year 0.022%* (0.007)
Year? / 100 ~0.097%* (0.029)
Constant 1.282*%*% (0.018)  1.418** (0.038)  1.354** (0.049)

Notes: The data sets used are a 5 per cent random sample of the IEB and a quarterly version
of the BHP, 1985-2010. The regression sample is described in Table The regressand is
the firm-level labour supply elasticity. Newey—West standard errors (with lag length four)
in parentheses. **/* denotes statistical significance at the 1/5 per cent level. The lagged
aggregate unemployment rate is centred around its mean.
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