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Does it Pay to Go Public?

Understanding the Public-Private Sector Wage Gap in Germany∗

Marina Bonaccolto-Töpfer† Carolina Castagnetti‡ Stephanie Prümer§

Abstract: Using data from the German Socio-Economic Panel 1984-2017, this paper

provides first evidence on the public-private sector wage gap in Germany based on a fixed

effect quantile approach. The results reveal substantial differences in the decomposition

of the gap compared to the standard cross-sectional approach. We find that women earn

more in public employment, while men are penalized. Our analysis suggests that this

penalization is not related to compensating wage differentials. Against the background

of demographic change, the public sector may face difficulties to recruit (skilled) men

and may need to adjust its pay schemes to fair and merit-based ones.

Zusammenfassung: Mit Daten des Sozioökonomischen Panels 1984-2017 untersucht dieser

Beitrag die Lohnlücke zwischen dem öffentlichen und privaten Sektor in Deutschland und

liefert dabei erste Evidenz, die auf einem Quantilsansatz mit fixen Effekten beruht. Mit

diesem Ansatz finden wir substantielle Unterschiede in der Zerlegung der Lohnlücke im

Vergleich zum Standard-Querschnittsansatz. Demnach verdienen Frauen im öffentlichen

Sektor mehr, während Männer benachteiligt werden. Unsere Analyse legt nahe, dass

diese Benachteiligung nicht mir kompensierenden Lohndifferentialen zusammenhängt.

Vor dem Hintergrund des demografischen Wandels könnte der öffentliche Sektor daher

Probleme haben, (qualifizierte) Männer zu rekrutieren, und sollte seine Entlohnungssys-

teme fair und leistungsorientiert gestalten.
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1 Introduction

Demographic change represents a major challenge for the German labor market. The

working-age population in Germany is expected to shrink by 30% between 2013 and

2060 (Federal Statistical Office, 2015). Moreover, in order to counterbalance skilled labor

shortages that are accelerated by the aging society in Germany, the government adopted

the Skilled Labour Concept in 2011 (Gramke et al., 2012). Demographic change in com-

bination with skill shortages challenges particularly the public sector since its employees

are on average older and better educated than employees in the private sector (Dust-

mann and van Soest, 1998; Melly, 2005). As a consequence, the public sector will need

to replace a significant share of its workforce in the not-to-far future and to compete

for employees with the private sector. A premise to tackle these challenges is attractive

and fair remuneration. Indeed, remuneration matters for both public- and private-sector

recruitment making the composition of the Public-Private Sector Wage Gap (PPWG)

an important policy issue.

This paper revisits the PPWG in Germany. We estimate and decompose the gap

in Germany using a Fixed Effect (FE) quantile approach. This approach allows us to

take the panel dimension of the data into account. The latter is generally neglected in

the analysis of the PPWG across the distribution (exceptions are Bargain et al., 2018;

Castagnetti and Giorgetti, 2019; Hospido and Moral-Benito, 2016, for France, Spain

and Italy, respectively). In order to show that the decomposition results may change

substantially when taking the panel dimension of the data into account, we start by

presenting the standard pooled sample approach (based on cross-sectional data). Next,

we compare the results of this pooled sample approach with those of the FE approach.

As sorting in public- or private-sector employment differs by gender (Pfeifer, 2011), we

conduct the analysis separately for men and women.1

We use data from the German Socio-Economic Panel (SOEP) for the years 1984-2017.

This data set is particularly suited for analyzing the PPWG with a FE approach due

to its long time horizon. Additionally, by using SOEP data we are in line with previous

studies for Germany (Dustmann and van Soest, 1997, 1998; Jürges, 2002; Melly, 2005).

Dustmann and van Soest (1997, 1998) were the first to consider the PPWG in Ger-

many. Using switching-regression models, they found that public-sector employees have

1Note, however, that by applying a FEs approach we account for individual-specific time-invariant
endogenous selection (Hospido and Moral-Benito, 2016).
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a comparative wage advantage. Further, conditional on socio-economic variables, wages

were on average lower in the public sector for men and higher for women (Dustmann

and van Soest, 1998). Jürges (2002) focused on the question how public-sector wage

premia are allocated along the wage distribution. His results suggested that the PPWG

decreases along the wage distribution. Men experienced wage premia at the lower tail of

the wage distribution and wage penalties at the upper tail. In contrast, women earned

more in the public sector independent of their rank in the wage distribution. Melly

(2005) used standard cross-sectional quantile decomposition to look at the PPWG along

the wage distribution. He found that the conditional distribution of wages was more

compressed in the public sector. Moreover, inequalities between individuals with com-

parable education or experience were lower in the public sector. The latter resulted in a

smaller gender pay gap in the public sector.

We contribute to the literature in three ways. First, we revisit the PPWG in Ger-

many relying on standard and well-established methods to estimate and decompose

the PPWG (e.g., Machado and Mata, 2005). Second, we are the first to estimate and

decompose the German PPWG using the FE quantile approach proposed by Castag-

netti and Giorgetti (2019). The approach offers several advantages compared to similar

studies (e.g., Bargain et al., 2018). In particular, the approach is flexible as it allows

for parameter heterogeneity by estimating separate wage equations for the two sectors.

That is, we do not not rely on movers between the public and private sector (or vice

versa) for identification. Third, as Incidental Parameter Bias (IPB) represents a major

problem in panel data estimation with the number of observations N → ∞ and fixed

time periods T , we correct the public-sector wage premium along the distribution for

this bias. To be precise, we use the recentered half-panel jackknife-correction proposed

by Dhaene and Jochmans (2015) and Bargain et al. (2018).

We find that the PPWG changes substantially when taking the panel dimension of

the data into account. This result holds for both men and women. Women benefit

from public-sector employment at all points of the wage distribution, while men are

generally better endowed in the public sector (positive characteristics effect) without

being remunerated accordingly (negative coefficients effect). This finding implies that the

public sector may be successful in recruiting women but may fail to recruit men. Further,

in order to investigate whether the negative coefficients effect may be attributable to

compensating wage differentials, we exclude the subgroup of civil servants from the

analysis. This subgroup enjoys special privileges such as job stability and is predominant

in public employment. The results suggest that compensating wage differentials do not

play a major role in explaining the PPWG in Germany.
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The remainder of this paper proceeds as follows. In Section 2, we outline our empirical

strategy. Section 3 presents the data set as well as descriptive statistics, while Section 4

shows the results of our empirical analysis. In Section 5, we present the IPB corrected

wage premium along the distribution before looking at the evolution of the PPWG over

time in Section 6. In Section 7, we repeat the analysis without the subgroup of civil

servants for robustness. Finally, Section 8 concludes.

2 Empirical strategy

In this Section, we present our empirical strategy. First, we outline the estimation model

for the cross-sectional approach. That is, the approach that does not consider the panel

structure of the data. Second, we describe the FE quantile approach. As stated, the

procedure is run separately for men and women as sorting of men and women in public

employment may differ. Endogenous sorting into public employment may play a role as

well. However, we control for individual-specific time-invariant endogenous selection by

using a FEs approach (Dustmann and Rochina-Barrachina, 2007; Hospido and Moral-

Benito, 2016).

We use quantile regression to estimate the wage equation (Koenker and Bassett, 1978).

In case of the cross-sectional approach, we pool the different survey waves of our data.

This procedure is in line with e.g., Melly (2005). For the pooled sample, we assume a

linear specification and estimate the following model for individual i with i ∈ 1, . . . , N :

Qθ(yi|xi) = xiβθ

yi = xiβθ + uθi (1)

where Qθ(yi|xi) is the conditional quantile at θ of the dependent variable y (log hourly

wages), given the covariates x (individual characteristics). The distribution of the error

term uθi is left unspecified and we assume that Qθ(uθi|xi) = 0. In analogy to mean

regressions (standard OLS), the coefficients in (1) can be interpreted as the effect of x at

the θth conditional quantile of y given x (conditional mean interpretation, Fortin et al.,

2011).

We estimate this model separately for men and women in the public and private sec-

tor, respectively, at different quantiles, with θ = 0.1, 0.2, . . . , 0.9. In case of (conditional)

quantile regressions, the explanatory variables, i.e. individual observable characteris-

tics, are allowed to affect the various quantiles differently. Therefore, we can control

for differences in observable characteristics between wages of public- and private-sector
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employees.

2.1 Decomposition along the wage distribution

The above mentioned analogy in the interpretation of quantile and standard (mean)

regressions is not transferable to decomposition methods (Fortin et al., 2011). Using

quantile regressions, we cannot decompose quantiles in the same way we decompose

the mean using standard (mean) regressions. While both unconditional and conditional

mean interpretations are valid in case of standard (mean) regressions, only the condi-

tional mean interpretation is applicable in case of quantile regressions (Fortin et al.,

2011; Machado and Mata, 2005). The reason is that the law of iterated expectations

does not apply in the case of quantiles.

We use the Machado and Mata (2005) decomposition in order to decompose the PPWG

in a characteristics (explained) and a coefficients (unexplained) component (aggregate

decomposition). This procedure allows us to obtain Oaxaca-Blinder-type decompositions

of the unconditional distribution of y. The Machado and Mata (2005) decomposition

approach estimates in a first step quantile regressions as a way of characterizing the full

conditional distribution of y given x. The second step involves estimating the marginal

density function of wages by simulating a sample from the (estimated) conditional dis-

tribution (see Machado and Mata, 2005, for details). The estimates are then used to

construct the different components of the aggregate decomposition.

This method allows us to interpret the estimated coefficients as the effect of increasing

the mean value of x on the unconditional quantile Qθ (unconditional mean interpreta-

tion). By using the decomposition approach of Machado and Mata (2005), a major

drawback of (conditional) quantile regressions – that only the conditional mean inter-

pretation is valid – can thus be avoided.

In case of the PPWG, we construct a counterfactual distribution of yPubC , i.e. a distribu-

tion of public-sector wages had the wage structure been the same as in the private sector.

We do so by drawing random samples θ∗m, m = 1, 2, . . . , 5000 from a uniform distribution

U [0, 1]. We have k observations with k ∈ Pub, Priv and samples (ykj , x
k
j ) : j = 1, . . . , Nk

for all populations k such that we can estimate Qθ(y
k
j |xkj ) separately for the two groups.

Pub identifies public- and Priv private-sector employees. For each θm, we estimate βk(θ)

for each sample k as:

β̂θ∗m = arg min
β

Nk∑
j=1

ρθ∗i (ykj − xkjβθ) (2)
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where ρθ(u) = u(θ − 1(u < 0)) denotes the quantile loss function and k = Pub, Priv.

Next, we randomly draw 5,000 public-sector employees with replacement and use their

characteristics (x∗Pub) to predict wages using the estimated coefficients βPriv(θ) and gen-

erate a set of predicted wages ŷPubC = x∗Pubβ̂Priv(θ). The latter represents the estimated

counterfactual distribution, i.e. what public-sector employees would have earned if they

were paid like private-sector employees. We compare then the counterfactual distribu-

tion with the empirical public- and private-sector distributions ŷk(θ) = xkβ̂k(θ). The

resulting decomposition reads then as:

yPub(θ)− yPriv(θ) = [ŷPub(θ)− ŷPubC (θ)]︸ ︷︷ ︸
coefficients effect

+ [ŷPubC (θ)− ŷPriv(θ)]︸ ︷︷ ︸
characteristics effect

+ residual (3)

where yk(θ) is the observed log hourly wage for k = Pub, Priv. ŷk(θ) represents the

estimate of log hourly wages for k based on the observed sample and ŷPubC (θ) is the esti-

mated counterfactual log hourly wage. The first term is the coefficients effect, while the

second term represents the characteristics effect. The residual term captures the changes

unaccounted for by the estimation model and is generally negligible (e.g., Castagnetti

and Giorgetti, 2019; Melly, 2005). If not indicated differently, the standard errors are

estimated using the procedure proposed by Chernozhukov et al. (2013).

The pooled sample approach allows us to gain insights on how the PPWG and its

components in Germany change along the wage distribution. However, this approach

neglects the panel dimension of the data. As stated, we overcome this shortcoming by

using a FE quantile approach that we outline in the next Subsection.

2.2 Fixed effect quantile approach

In order to account for unobserved time-constant individual heterogeneity, we estimate

the following FE quantile regression model at quantile θ for individual i at time t:

Qθ(yit|xit) = αi + xitβθ (4)

yit = xitβθ + uθit (5)

where yit denotes the log hourly wage, αi denotes the individual FE and xit represents

the set of covariates with i = 1, . . . , N individuals and t = 1, . . . , T time periods.

The FE quantile regression model controls for individual-specific heterogeneity, while

exploring heterogeneous covariate effects providing a more flexible method for analyzing

panel data than the pooled sample approach. Yet, FE quantile regression faces several
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challenges. First, the method of differencing out the FEs used for the conditional linear

mean model is not applicable in case of conditional quantiles. Second, the objective

function cannot be differentiated. The implication is that standard asymptotic analyses

of panel data models are not directly applicable to quantile regression.

In equation (4), we assume a pure location shift effect for the individual parameters;

i.e. the FEs affect all quantiles in the same way. We follow the approach of Canay (2011)

to estimate equation (4). This approach is a two-step estimator that first estimates the

individual FEs by traditional mean estimation (e.g., estimation in first differences or

by means of the within estimator). In a second step, it estimates corrected wages on

the covariates xit by means of traditional quantile regression. A main advantage of the

method of Canay (2011) is that it does not add computational complexity to the model

estimation. In fact, estimation and inference that alternative FE quantile regressions

use may be hard to conduct when the number of FEs is large. In these cases, point

estimates are difficult to recover, and the computation of the variance-covariance matrix

based on the limiting distribution becomes impracticable. In addition, inference using

FE quantile regressions is difficult to conduct in practice. We rely on the good finite-

sample properties of Canay (2011)’s estimator that hold even for small values of T . We

can rely on T = 34 and Canay (2011) showed that the two-step estimator performs

already pretty well when T = 20.

As in case of the pooled sample approach, we make use of the Machado-Mata algorithm

to decompose the PPWG. However, in case of the FE approach, we decompose the gap

based on corrected wages. Doing so allows us to account for both individual permanent

heterogeneity and to decompose the PPWG along the distribution in a characteristics and

coefficients part (Castagnetti and Giorgetti, 2019). Observe that in order to decompose

the PPWG along the wage distribution and to take the panel dimension of the data into

account, we add a further step to the approach of Canay (2011).

In the following, we outline the steps in detail. First, we estimate FE quantile regres-

sions using the approach of Canay (2011), i.e. we estimate the individual FE α̂i using

FE regression for the public and private sector respectively:

ykit = αki + xkitβ
k
θ + εkθit (6)

where k = Pub, Priv. Second, we estimate the following model based on corrected wages

separately for the two sectors k:

Qθ(ỹ
k
it|xit) = xkitβ

k
θ (7)
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where ỹit = yit − α̂i is the log hourly wage net of the individual time-constant het-

erogeneity or the individual FE (corrected wage). Third, we decompose the PPWG

as in equation (3), but based on ỹkit, using the approach of Machado and Mata (2005)

explained above.

To sum up, an advantage of the approach is that it allows us to apply an intuitive

decomposition. That is, it corresponds to the logic of the Oaxaca-Blinder method de-

composing the PPWG in a coefficients and characteristics effect. Moreover, we estimate

separate wage equations for the two sectors allowing for parameter heterogeneity, while

similar studies (e.g., Bargain et al., 2018), identified the PPWG by means of a dummy

variable only. Further, the interpretation of the public-sector parameter coefficient is

partly misleading in Bargain et al. (2018). The authors claim that the variation of this

coefficient over the distribution captures differences over time in the public sector. That

is, it captures periods of high wages in the public compared to the private sector. How-

ever, the latter is true only if transitions from public to private employment (and vice

versa) are independent of any upgrade in the job position. Our approach allows us to

circumvent these problems, as it does not rely on movers between the public and private

sector (or vice versa) for identification.

One of the main issues of FE quantile regression is the IPB. To be precise, it is a

general problem of nonlinear models estimated on panel data. IPB leads to inconsistent

estimates when the number of individual-year observations goes to infinity, while the

number of time periods is fixed (Neyman and Scott, 1948). In order to account for this

bias, we present in Section 5 the corrected public-sector wage premium using a recentered

half-panel jackknife correction.

3 Data and descriptive statistics

We use data from the German SOEP over the period 1984-2017. As East Germany is

part of the survey only since German re-unification in 1990 and as the integration of

the East into the West German public sector after the end of Communism took some

time, we exclude East Germany. We consider German part- and full-time employees

aged 18-64 years and we restrict the sample to individuals observed at least four times.

In total, we observe 12,800 individuals (6,887 men and 5,913 women) on average at least

seven times.

As the sample includes only wage earners, the results must be interpreted conditional

on the selected sample. As stated, endogenous sorting into public employment may be

relevant. The latter may be nonrandom and different for men and women, for instance
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due to better work-family balance in the public sector that may be particularly relevant

for women.

Table 1 presents descriptive statistics of selected controls by sector for men (Panel

(a)) and women (Panel (b)).2 For men, we do not observe a statistically significant raw

PPWG at the mean. Further, male public-sector employees outperform their private-

sector colleagues in terms of schooling, labor market experience and job tenure. Men in

the public sector are on average older and are more often part-time employed but have

less often a permanent contract. These descriptive findings on the prevalence of perma-

nent contracts in the German public sector are in line with the literature (Hohendanner

et al., 2015; Prümer and Schnabel, 2019). Male public-sector employees are more often

married and work more often in larger firms. The latter is a typical characteristic of

the public sector (Ellguth and Kohaut, 2011; Gregory and Borland, 1999; Prümer and

Schnabel, 2019).

Table 1, Panel (b), shows that female public-sector employees earn on average 16% (log

approximation) more than their private-sector counterparts. Women in the public sector

are also better educated, older, have more years of job tenure, work more often part-time,

in larger firms and are more often married compared to women in the private sector.

As their male colleagues, female public-sector employees have less often a permanent

contract. Yet, in contrast to their male colleagues, women in the public sector do not

have statistically significantly more years of labor market experience.

Figure 1 shows descriptively public-private sector differences in wages along the dis-

tribution for men and women.3 Panel (a) of Figure 1 shows that, even though, average

male PPWGs or differences in male wages by sector are small and statistically insignifi-

cant, this does not hold for the entire distribution. The gap varies substantially across

the distribution and is – apart from the very bottom and the 70th percentile – statisti-

cally significantly different from zero. This empirical evidence highlights the importance

of going beyond the mean when looking at the PPWG. The latter finding holds also

for women. Looking at different points of the distribution in Figure 1, Panel (b), we

see that women in the public sector earn statistically significantly more than their col-

leagues in the private sector at lower and middle parts of the distribution, while they

earn statistically significantly less at upper parts of the distribution. This increasing

pay penalty for both male and female employees may represent a major disadvantage

of the public compared to the private sector in the competition for the ‘best’ employees

that represent a scarce resource in times of demographic change. Another reason for the

2Panel (a) of Table A.1 in the Appendix shows descriptive statistics for the full sample.
3Figure A.1 in the Appendix shows the distribution of log hourly wages by sector.
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Table 1: Descriptive statistics by sector and gender, selected controls

(1) (2) (3) (4) (5)
Sector Public Private
Variable Mean Std. dev. Mean Std. dev. Difference

Panel (a): Men
Log hourly wages 2.707 0.524 2.689 0.550 0.018
Schooling (in years) 13.172 2.935 12.172 2.591 1.000***
Age (in years) 45.047 9.948 42.192 9.999 2.855***
Experience (in years) 21.714 10.638 19.786 10.691 1.928***
Tenure (in years) 17.724 11.08 12.491 10.183 5.233***
Part-time (dummy) 0.053 0.225 0.011 0.104 0.042***
Permanent contract (dummy) 0.71 0.454 0.792 0.406 -0.082***
Medium firm (dummy) 0.308 0.462 0.261 0.439 0.047***
Large firm (dummy) 0.372 0.483 0.242 0.428 0.13***
Married (dummy) 0.74 0.439 0.716 0.451 0.024***
Observations 17,296 47,768 65,064
Panel (b): Women
Log hourly wages 2.643 0.495 2.48 0.528 0.163***
Schooling (in years) 13.211 2.85 12.182 2.406 1.029***
Age (in years) 44.02 10.048 41.756 10.344 2.264***
Experience (in years) 12.36 9.708 11.966 9.276 0.394
Tenure (in years) 13.373 10.12 9.739 8.725 3.634***
Part-time (dummy) 0.417 0.493 0.35 0.477 0.067***
Permanent contract (dummy) 0.776 0.417 0.808 0.394 -0.032***
Medium firm (dummy) 0.323 0.468 0.224 0.417 0.099***
Large firm (dummy) 0.288 0.453 0.19 0.392 0.098***
Married (dummy) 0.618 0.486 0.565 0.496 0.053***
Observations 19,373 31,315 50,688

Notes: Medium firm equals one if firm has between 200 and 1,999 employees. Large firm equals one
if firm has at least 2,000 employees. Reported differences are based on a regression of a public-sector
dummy on the selected variables. ∗, ∗∗ and ∗ ∗ ∗ denote significance at the 10%-, 5%- and 1%-level,
respectively. Robust standard errors (clustered at the individual level) are used. Source: SOEP data
v34.
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negative PPWG at the top may be that public-sector work is generally not remunerated

above formal wage schedules set under collective wage bargaining (Addison et al., 2006;

Jung and Schnabel, 2011) and thus faces a top ceiling.

Figure 1: Descriptive statistics of public-private sector differences in wages by gender at

selected percentiles
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4 Results

The descriptive evidence discussed above suggests that it is important to look at wage

gaps along the distribution. We now present the results of our quantile analysis of the

PPWG in Germany. In line with Section 2, we start by estimating and decomposing the

PPWG in the pooled sample. Next, we account for the panel structure of our data in

the estimation and decomposition of the PPWG.

4.1 Pooled sample approach

By means of the Machado-Mata decomposition, we decompose the PPWG in a coef-

ficients and a characteristics effect (see Section 2.1 for details). The intuition of the

decomposition is thus similar to the famous Oaxaca-Blinder approach.

Figure 2 shows the PPWG and its decomposition for men (Panel (a)) and women

(Panel (b)) in the pooled sample. The male PPWG in the pooled sample is small but

positive up to the 80th percentile of the wage distribution and becomes negative there-

after. That is, in the upper tail of the wage distribution men in the public sector face

a slight wage penalty. This penalization at the top may be attributed to the fact that
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public-sector wages are generally subject to collective wage bargaining, while private-

sector wages may also lie above formal wage schedules (Jung and Schnabel, 2011). Dif-

ferences in terms of endowments of public- and private-sector employees – captured in

the characteristics effect – are positive but relatively small (less than 5%). The coeffi-

cients effect, i.e. the unexplained component of the PPWG, is negative and increasing

in absolute terms throughout the distribution. A negative coefficients effect implies that

men earn less in the public compared to the private sector despite having similar char-

acteristics. As this effect is generally considered a proxy for discrimination given data

constraints (Blau and Kahn, 2017; Briel and Töpfer, 2020; Fortin et al., 2011), top-

income men may be prone to leave public for private employment as their endowments,

for example in terms of schooling and experience, are not rewarded adequately.4

Another explanation for the negative coefficients effect may be compensating wage

differentials. In these cases, better working conditions in the public sector – that are

mostly unobserved in the data – would explain the negative coefficients effect. The

literature generally finds higher job stability in the public sector (Ellguth and Kohaut,

2011; Prümer, 2020). The same holds for employment protection and pension rights of

civil servants (Riphahn, 2004). Similarly, better working-time arrangements or better

job quality may play a role as well.5 These positive characteristics of public-sector jobs

may compensate men in public-sector employment for lower earnings given identical

individual characteristics compared to the private sector. As the coefficients effect is only

statistically significantly different from zero from the 65th percentile onwards, the pooled

sample approach suggests that only at upper parts of the wage distribution compensating

wage differentials may explain a substantial part of the PPWG.

The PPWG for women in the pooled sample is positive throughout the wage distri-

bution and is lowest at the upper tail of the wage distribution (see Figure 2, Panel (b)).

Wages for women are therefore higher in the public sector independent of their rank

in the wage distribution. Yet, female top-earners gain – relative to their colleagues in

the private sector – least from working in the public sector. The overall gap is driven

by the characteristics effect, which is positive and relatively stable throughout the wage

distribution. The coefficients effect is negligible and statistically not different from zero.

Thus, better endowments of female public-sector employees explain the positive PPWG

for women throughout the wage distribution. Looking only at the mean would ignore

these insights, i.e. that the characteristics effect is the main driver of the PPWG for

4The coefficients effect does not account for unobserved characteristics like ability or motivation and
does thus not represent an unbiased estimate of discrimination.

5Note, however, that Prümer (2020) found evidence for better working-time arrangements but not for
better general job quality in the German public sector.
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women at all points of the distribution. Observe that, in contrast to their male col-

leagues, constraints in the public sector to not pay wages above formal wage schedules

set under collective wage bargaining are less relevant for females given positive PPWGs

throughout the distribution. Similarly, given statistically insignificant or (small) positive

coefficients effects, compensating wage differentials attributable to better job character-

istics in the public sector do not seem to play a role for women.

Figure 2: PPWG along the wage distribution – pooled sample approach
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(b) Women

Notes: Variables controlled for in the regressions are: quadratic polynomials of actual labor market
experience and age as well as tenure, educational attainment (in years), dummies for holding a
permanent contract, a part-time contract, for being employed in a medium (200-1,999 employees) or a
large firm (at least 2,000 employees), being married or cohabiting, having a migration background,
living in an urban area as well as federal-state, occupation (based on ISCO88 1-Digit) and industry
(based on NACE 2-Digits) dummies.

Our results for the pooled sample are partly consistent with existing evidence on the

PPWG in Germany by Melly (2005).6 For women, Melly (2005) found also a positive

PPWG and a stable and positive characteristics effect. We find a similar pattern of

the male PPWG as Melly (2005), too. Yet, the results of Melly (2005) differ from ours

in terms of the size of the PPWG for women along the distribution and the relative

influence of the characteristics and coefficients effect on the gap for men.

All in all, our results on the PPWG and its decomposition in the pooled sample

suggest that wages of women are higher in the public sector at all points of the wage

distribution. Men instead are penalized for working in the public sector in the upper

part of the wage distribution. Starting from the 80th percentile men face a slight,

6Our results are not directly comparable to earlier studies (e.g., Dustmann and van Soest, 1997, 1998;
Jürges, 2002). Although they used SOEP data as well, the methodologies differed. Dustmann and van
Soest (1998) estimated switching regression models and did not look at different points of the wage
distribution. Additionally, they restricted their analysis to men. Jürges (2002) looked at different
points of the wage distribution but used the decomposition approach of Juhn et al. (1993).
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though negative, PPWG. The positive PPWG for women in the pooled sample can be

attributed to a positive, stable characteristics effect, i.e. to advantages of female public-

sector employees in terms of endowments. The male PPWG is driven by the negative

coefficients effect at the top. The latter indicates that male public-sector employees are

treated differently compared to their private sector counterparts in terms of remuneration

at upper parts of the wage distribution. The negative PPWG for male top-earners may

be attributed to compensating wage differentials or – as stated – may represent unfair

treatment of male top-earners in the public compared to their colleagues in the private

sector.

These results based on the pooled sample provide a first insight of how the PPWG

changes along the wage distribution. However, so far we have neglected the panel struc-

ture of the SOEP. Therefore, in the next subsection, we consider individual time-constant

heterogeneity in the estimation.

4.2 Fixed effect approach

In this Section, we adopt the three-step procedure for decomposing the PPWG outlined

before. First, we estimate the individual FE following Canay (2011). Second, we estimate

corrected wages. Third, we decompose the PPWG using the approach of Machado and

Mata (2005) with corrected wages as dependent variable.

Figure 3 shows the PPWG by gender applying FE quantile decomposition. For men,

the observed PPWG is close to zero throughout the entire wage distribution. That

is, we find only a slight difference between male wages in the public and the private

sector at all points of the wage distribution (see Figure 3, Panel (a)). We observe a

declining and positive characteristics effect as well as a decreasing (in absolute terms)

and negative coefficients effect. In sum, both effects counterbalance. Thus, men are

better endowed in the public sector (positive characteristics effect) but are penalized in

terms of pay for working in the public sector (negative coefficients effect) at all points

of the wage distribution. This penalization is highest at the bottom and lowest at the

top. Male public-sector employees outperform their private-sector counterparts in terms

of endowments particularly at the bottom and relatively less at the top of the wage

distribution. That is, the characteristics effect is highest at the bottom and lowest at

the top. These findings are in contrast to the decomposition results in the pooled sample,

where both the characteristics and the coefficients effect are much smaller in absolute

terms. Further, in the pooled sample, the coefficients effect is increasing (in absolute

terms), while the characteristics effect is decreasing along the distribution.

The PPWG for women is slightly inverted U-shaped and positive throughout the wage

14



distribution (see Figure 3, Panel (b)). The characteristics effect is positive at all points of

the distribution but becomes less important at upper points of the distribution. Thus,

women in the public sector are better endowed than their private-sector counterparts

throughout. This difference is most pronounced at the lower end of the distribution.

While the characteristics effect dominates at lower parts, the coefficients effect dominates

at the upper part of the distribution. Sector differences in remuneration, starting from

negative values at the bottom, strictly increase towards higher percentiles. Finally, at

the upper tail of the distribution the coefficients effect is dominant. In contrast to

the findings from the pooled sample, the coefficients effect now contributes to the total

PPWG for women.

Figure 3: PPWG along the wage distribution accounting for FE
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(b) Women

Notes: Variables controlled for in the regressions are the same as in the pooled sample. Note, however,
that all time-constant heterogeneity at the individual level is dropped automatically.

Exploiting the panel structure of our data leads to new insights on the PPWG in

Germany for both, men and women. Women benefit from being in the public sector,

what may contribute to a high appeal of public-sector employment for women in general.

Compensating wage differentials do not seem to play a role for women, as the PPWG

– and especially the coefficients effect – is positive throughout the wage distribution

(except the very bottom of the distribution).

For men, we find only a small PPWG due to a counterbalancing effect of the character-

istics and the coefficients effect. At a first glance, this small total gap may be interpreted

as equal opportunities between the public and private sector. The decomposition analy-

sis, however, shows that this conclusion is misleading. Men are better endowed (positive

characteristics effect) but are penalized for working in the public sector (negative coef-

ficients effect) at all points of the wage distribution. Compensating wage differentials
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may explain these results. Better endowed persons may be willing to work in the public

sector despite being penalized for it in terms of pay as they value other aspects like job

stability or employment protection.

If not attributed to compensating wage differentials, this penalization may present

a disadvantage of the public compared to the private sector when it comes to recruit-

ing men. The latter holds particularly in light of demographic change and increasing

recruitment competition between the public and private sector. The resulting low at-

tractiveness of the public sector for men may result in difficulties to find skilled male

public employees and thus may represent a challenge for the public sector as it needs a

qualified workforce to secure the provision of public services.

In order to better understand the role of compensating wage differentials for the

PPWG, we drop in Section 7 civil servants from the analysis. As movers may also

have different observable and unobservable characteristics (see Table A.1, Panel (b),

Table A.2, Table A.3 and Table A.4 for descriptive statistics of sector and non-sector

movers), we repeat in Appendix B the analysis separately for the sample of movers in

public and private employment. The main insights do not change.

5 Incidental parameter bias correction

As is well known in the literature, panel-data studies with fixed time periods suffer

from IPB. Bargain et al. (2018) used French data over the period 1988-2013 and a FE

unconditional quantile approach to estimate the public-sector wage premium adjusted

for IPB by using a recentered half-panel jackknife correction. Bargain et al. (2018) found

only modest differences in the estimated premium with and without the correction at

the very top of the wage distribution.

In contrast to Bargain et al. (2018), we present decomposition results of conditional

quantile regressions and not of ceteris-paribus wage premiums. As described in Sec-

tion 2, we estimate the counterfactual wages using simulations (Machado-Mata decom-

positions). Using the recentered half-panel jackknife for IPB-correction of the decom-

position results would require to correct the wage equation for IPB before conducting

simulations and not to correct the simulated outcome. This procedure would add a great

amount of computational complexity. Nevertheless, we want to get a feeling of how the

IPB affects our panel. Therefore, and for comparison with Bargain et al. (2018), we

estimate the conditional public-sector wage premium for Germany along the distribu-

tion (see equation (8) below) and correct it for IPB using a recentered half-panel jack-

knife correction. The public-sector wage premium along the distribution is identified via
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movers.

Even though the long duration of our panel (1984-2017) tends to reduce the IPB, we

apply a recentered half-panel jackknife correction for the following reasons.7 Differencing

out the FE (e.g., used for conditional linear models at the mean) does not work for

quantile regression models. Consequently, every estimate is a function of the estimated

FEs and cannot be estimated consistently when the number of periods is finite, i.e. if

T is fixed and N → ∞ (Bargain et al., 2018). In our case, we have more than 100,000

individual-year observations and 34 time periods. Note that also in cases with large

numbers of individuals, the FE quantile estimators will be biased when the number of

periods is finite (Bargain et al., 2018; Fernández-Val and Weidner, 2018).

As stated above, we apply a recentered half-panel jackknife correction for the IPB

following Dhaene and Jochmans (2015) and Bargain et al. (2018). We thus correct the

conditional public-sector wage premium for IPB as follows:

Qθ(yi|zi, xi) = ziγθ + xiβθ (8)

yi = ziγθ + xiβθ + eθi (9)

where Qθ(yi|zi, xi) is the conditional quantile at θ of the dependent variable y (log hourly

wages), given the covariates z (public-sector dummy) and x (individual characteristics).

γθ gives the public-sector wage premium at θ and βθ is a k × 1 vector of coefficient

estimates of individual characteristics at θ. Again, the distribution of the error term

eθi is left unspecified and we assume that Qθ(eθi|zi, xi) = 0. We translate equation (8)

to the FEs framework as before, i.e. we have: Qθ(ỹit|zit, xit) = zitγθ + xitβθ, where

ỹit = yit − α̂i.
In order to correct for IPB we compute, apart from the estimate on the whole panel

γ̂(θ), also the estimates based on the first 17 periods (T = 1) γ̂1(θ), with t ∈ 1984, 1985, . . . , 2000,

and the last 17 (T = 2) periods γ̂2(θ), with t ∈ 2001, 2002, . . . , 2017. The half-panel jack-

knife corrected estimator following Dhaene and Jochmans (2015) is then defined as:

γ̂BC(θ) = γ̂(θ)− [0.5(γ̂1(θ) + γ̂2(θ))− γ̂(θ)] = 2γ̂(θ)− 0.5(γ̂1(θ) + γ̂2(θ)) (10)

where γ̂BC(θ) denotes the bias-corrected estimator at quantile θ, γ̂(θ) denotes the esti-

mate for the whole panel and γ̂1(θ) denotes the estimate for the first T = 1 panel and

γ̂2(θ) for the second T = 2 panel.

7The potential IPB affects short panel estimations of nonlinear models with FE (Fernández-Val and
Weidner, 2018) such as FE quantile regressions (Canay, 2011).
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Observe that the distortion of the IPB is proportional to 1
T (see e.g., Bargain et al.,

2018). The bias of 0.5(γ̂1(θ) + γ̂2(θ)) is twice as large as the bias of γ̂(θ). Consequently,

the difference between these estimates provides an estimate of the IPB. However, reduc-

tion of the bias comes at the cost of increasing the variance of the estimator. We reduce

the variance of the jackknife bias correction by incorporating the information about the

coefficient estimate over all quantiles:

γ̂RBC(θ) = γ̂BC(θ) + γ̂ −
∫ 1

0
γ̂BC(θ)dθ (11)

with γ̂RBC(θ) being the recentered corrected estimator as proposed by Bargain et al.

(2018).

Figure 4 shows the public-sector wage premium along the distribution with and with-

out correction. The point estimates are similar along the wage distribution. Further,

the confidence bands of the estimates with and without correction do always overlap in-

dicating that the two estimates are not statistically significantly different. These results

hold for both men and women.

Figure 4: Conditional public-private wage premium along the wage distribution account-

ing for FEs with and without IPB correction
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(b) Women

Notes: FE quantile regression with and without recentered half-panel jackknife correction. Shaded

areas represent 95%-bootstrapped confidence bands (100 replications). Regressions run separately for

men and women based on equation (8), with Qθ(ỹi|zi, xi), where ỹ = y − α̂.

All in all, these findings suggest that IPB does not bias the point estimates.8 In our

8Note that in the study of Bargain et al. (2018) this result holds as well, except at the very top,
where their estimates (IPB-corrected and uncorrected) were statistically significantly different from
each other. The authors, thus, concluded that the more compressed wage distribution in the French
public sector was partly hidden by the IPB given a larger 90-10 public-sector wage penalty.
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study (as well as in the study of Bargain et al., 2018), the number of time periods is

relatively large and as the distortion of the IPB is proportional to 1
T , IPB may not be a

major concern for estimation of pay differences between the public and private sector in

Germany.

6 Evolution over time

In this Section, we look at the evolution of the PPWG over time. Differences in cyclical

responses of wages between the public and private sector may lead to changes in the

PPWG (Bargain et al., 2018; Giordano et al., 2011; Melly, 2005). Wages in the private

sector generally vary pro-cyclically, while wages in the public sector may be more sticky.

Moreover, institutional changes such as the erosion of collective bargaining or the German

re-unification may have affected the PPWG.

Figure 5 shows the total estimated PPWG over time at selected percentiles, i.e. the

gap based on the conditional wage model for men and women.9 For men, we observe

PPWGs roughly between -5% and 5% over time. The PPWG at the bottom, median

and top evolves similarly until the mid 1990s. From then on, we observe a divergence of

the gaps at different points of the distribution. While the median gap remains relatively

stable over time, the bottom and top gap increase and decrease, respectively. For women,

wages are higher in the public sector at all points in time. Over the last two decades,

the PPWGs at different points of the distribution for women evolve relatively parallel

over time. In line with the results for men, the gap at the median is most stable, while

the bottom and top gap show an increasing and decreasing trend, respectively.

9For robustness, we show in Figure B.1 the annual total observed PPWGs that are not based on the
conditional model. The main insights do not change.
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Figure 5: Evolution of the total PPWG over time – Selected percentiles
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(b) Women

Notes: Figure represents the total gap estimated separately by year. The gap represents the differences

in the observable distributions estimated using the conditional models. Variables controlled for in the

regressions are the same as in the main analysis in Section 4.

All in all, the gaps for men and women started from similar levels in 1984, but diverged

since the mid or late 1990s, respectively. Overall, the gap at the bottom increased,

while the gap at the top decreased. We observe that the median gap has been most

stable over time. These results hold for both men and women. The trend of the median

PPWG may be explained by the German structure of wage negotiations (Melly, 2005). In

Germany, collective bargaining agreements are negotiated by trade unions and employers

(associations) at the sector and at the firm level (see e.g., Addison et al., 2017, for

details). The negotiated agreements are valid for the entire workforce of a covered firm,

regardless whether the corresponding employees are union members or not. Collective

bargaining agreements cover most part of both sectors, but are predominant in the public

sector (Giordano et al., 2011; Oberfichtner and Schnabel, 2019).10

Yet, the weakening of the German system of wage negotiation over the last two to

three decades outside the public sector (Oberfichtner and Schnabel, 2019) may be one

reason for the diverging trends of the PPWG since the late 1990s at the top and bot-

tom of the wage distribution. Rising low-wage sectors (e.g., Grabka and Schröder, 2019)

combined with the erosion of collective bargaining coverage implied a loss of the back-up

that collective wage bargaining used to offer. As these phenomena occurred mainly in

the private sector, wages for low-skilled employees or employees at the bottom of the

distribution decreased in the private sector, while those in the public sector remained

10In 2015, 37% of all firms were subject to collective bargaining, while 96% of all public-sector firms
were subject to collective bargaining (Oberfichtner and Schnabel, 2019).

20



relatively stable over time. Eventually this combination let to an increase of the PPWG

at the bottom. The situation at the top or for high-skilled employees is different as

with the erosion of collective wage bargaining, wages are increasingly contracted directly

between employees and firms. In particular, high-skilled employees often end up with

wages above collective agreement wage levels. Again, this bilateral contracting is pre-

dominant in the private sector and seldom in the public sector. As a result, private-sector

wages increased at the top, while wages in the public sector were stable given a constant

wage-setting mechanism in the public sector. As a consequence, the PPWG at the top

decreased over time.

Finally, we do not observe a substantial impact of German re-unification in 1990 on

the PPWGs at all points of the distribution. Similarly, privatization that took place

in Germany until the mid 1990s (see e.g., Keller, 2010, for details) does not seem to

have affected the gaps markedly. Moreover, different evolutions over time of the PPWGs

at different percentiles demonstrate that it is important to use a FE quantile approach

instead of relying on a cross-sectional approach.

7 Robustness check: Public sector without civil servants

In this Section, we exclude civil servants from the analysis for robustness. Civil servants

are a particularly privileged subgroup predominant in the public sector.11 They are

protected against dismissal except in cases of pronounced misconduct. Additionally,

pensions of civil servants are significantly higher compared to non-civil servants in the

public sector and employees in the private sector (Riphahn, 2004; Schmidt and Müller,

2018). Including civil servants may therefore distort the decomposition results of the

PPWG. Moreover, excluding civil servants helps to learn more about compensating wage

differentials given special attributes (such as higher employment protection and better

pensions) that apply only to this subgroup.

Table 2 shows descriptive statistics for the sample without civil servants. As in case of

the main analysis (Table 1), the raw PPWG at the mean for men is small and statistically

insignificant. The average PPWG for women amounting to 9% is smaller compared to

the corresponding gap from the main analysis (16%) but remains high and statistically

significant. The difference in years of schooling and tenure between the public and

private sector are smaller for both men and women compared to the main analysis.

This finding is not surprising as civil servants are on average older and better educated

11Note that, even tough,civil servants are predominantly employed in the public sector there may also be
a small number civil servants in the private sector due to privatizations in the 1990s (Bieling, 2008).
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than employees in the public sector (Federal Statistical Office, 2020). The difference in

the existence of part-time employment and permanent contracts diminishes when civil

servants are excluded. The latter is due to the fact that, by definition, civil servants

have permanent contracts and are predominant in the public sector.

Table 2: Descriptive statistics sample excluding civil servants by sector and gender
(movers and non-movers), selected controls

(1) (2) (3) (4) (5)
Sector Public Private
Variable Mean Std. dev. Mean Std. dev. Difference

Panel (a): Men
Log hourly wages 2.696 0.514 2.689 0.550 0.007
Schooling (in years) 12.515 2.629 12.157 2.583 0.358***
Age (in years) 44.826 9.721 42.199 9.987 2.627***
Experience (in years) 21.766 10.893 19.821 10.674 1.945***
Tenure (in years) 15.565 10.273 12.484 10.134 3.081***
Part-time (dummy) 0.035 0.185 0.011 0.102 0.024***
Permanent contract (dummy) 0.78 0.414 0.793 0.405 -0.013
Medium firm (dummy) 0.402 0.490 0.262 0.440 0.140***
Large firm (dummy) 0.294 0.455 0.241 0.427 0.053***
Married (dummy) 0.73 0.444 0.716 0.451 0.014
Observations 8,610 46,882 55,492

Panel (b): Women
Variable Mean Std. dev. Mean Std. dev. Difference
Log hourly wages 2.571 0.471 2.477 0.528 0.094***
Schooling (in years) 12.371 2.375 12.158 2.396 0.213***
Age (in years) 44.114 9.985 41.778 10.338 2.336***
Experience (in years) 12.564 9.731 12.074 9.295 0.490
Tenure (in years) 12.587 9.510 9.775 8.701 2.812***
Part-time (dummy) 0.398 0.489 0.348 0.476 0.05***
Permanent contract (dummy) 0.793 0.405 0.811 0.392 -0.018**
Medium firm (dummy) 0.381 0.486 0.223 0.416 0.158***
Large firm (dummy) 0.247 0.431 0.188 0.391 0.059***
Married (dummy) 0.615 0.487 0.566 0.496 0.049***
Observations 13,454 29,969 43,423

Notes: Sample excludes civil servants. Medium firm equals one if firm has between 200 and 1,999
employees. Large firm equals one if firm has at least 2,000 employees. Reported differences are based on
a regression of a public-sector dummy on the selected variables. ∗, ∗∗ and ∗ ∗ ∗ denote significance at
the 10%-, 5%- and 1%-level, respectively. Robust standard errors (clustered at the individual level) are
used. Source: SOEP data v34.

Figure 6 shows the decomposition of the PPWG along the wage distribution for men

and women when excluding civil servants using the standard pooled sample (Panel (a)

and (b)) and the FE approach (Panel (c) and (d)). In case of the pooled sample ap-

proach, the PPWG for men is around zero at lower parts of the wage distribution and
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gets negative from the 60th percentile onwards (see Figure 6, Panel (a)). Thus, in line

with the results from the main analysis (Figure 2), men at upper parts of the wage

distribution in the public sector earn statistically significantly less compared to their

colleagues in the private sector. In this sample, they do not have more generous pen-

sion rights or significantly higher employment protection than private-sector employees.

Hence, a compensation for lower earnings in terms of higher pensions or employment

protection is not relevant here. Thus, compensating wage differentials seem not to be

crucial in explaining the male PPWG in the pooled sample.

The PPWG for women based on the pooled sample excluding civil servants is also

comparable to the PPWG in the main analysis. That is, the PPWG for women in the

pooled sample is positive at all points of the wage distribution and converges to zero in

the upper tail of the wage distribution when neglecting the panel structure of the data

(see Figure 6, Panel (b)).

The PPWG accounting for FEs is shown in Figure 6, Panel (c) (for men) and Panel

(d) (for women). For men, the PPWG is, as in the main analysis (Figure 3) around zero

throughout the wage distribution due to a counterbalancing of the coefficients and the

characteristics effect. As in case of the pooled sample approach, in the sample excluding

civil servants the negative coefficients effect is unlikely to be due to compensating wage

differentials. When taking the panel structure of the data into account, the PPWG for

women is again positive at all points of the wage distribution (see Figure 6, Panel (d)).

In the first half of the wage distribution this is due to a dominant positive character-

istics effect, i.e. in the first part of the wage distribution women in the public sector

are better endowed than their private-sector counterparts. This positive characteristics

effect decreases along the wage distribution. At the same time, the initially (slightly)

negative coefficients effect converges towards zero. Thus, in the upper part of the wage

distribution the PPWG for women is smaller but still positive. However, the character-

istics effect remains dominant throughout the distribution as it decreases relatively less

compared to the results from the main analysis as one moves up the wage distribution.

To sum up, the results when excluding civil servants from the analysis are comparable

to our main results in Section 4. Only the influence of the characteristics and the

coefficients effect on the PPWG for women applying FE changes slightly. Yet, the main

conclusions persist.

This robustness test allows us to learn more about the role of compensating wage

differentials for the PPWG at different points of the wage distribution. The results

suggest that compensating wage differentials are not a main driver of the PPWG. That

said, our findings suggest some sort of unequal treatment of men in the public sector.
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Figure 6: PPWG along the wage distribution – Excluding civil servants
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(a) Men – pooled sample approach
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(b) Women – pooled sample approach
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(c) Men – FE approach
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(d) Women – FE approach
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8 Conclusion

This paper estimates and decomposes the German PPWG along the distribution over

the period 1984-2017. It is the first study for Germany that takes the panel structure

of the data in the estimation of the PPWG into account. Using quantile regressions,

we decompose the PPWG for both pooled cross sections and panel data. The former

represents the standard estimation approach of PPWGs in the literature. For the latter,

we use the approach suggested by Castagnetti and Giorgetti (2019). This approach

allows us to decompose the PPWG into a characteristics effect (explained part) and a

coefficients effect (unexplained part) accounting for FEs.

We find substantial differences in the decomposition of the German PPWG when

accounting for the panel dimension of the data compared to the standard pooled sample

approach. For both men and women, the characteristics and the coefficients effect,

respectively, changes substantially when applying the FE quantile approach. As the

FE quantile approach is more flexible and captures generally unobserved time-constant

heterogeneity at the individual level, it may model the decomposition of the PPWG

along the distribution more adequately. We also correct the public-sector wage premium

along the distribution for IPB. The correction does not statistically significantly affect

the results. This finding suggests that IPB is not a major problem in our study.

Looking at the results of our FE quantile approach in more detail, we see that women

benefit from working in the public sector at all points of the wage distribution. Thus, the

public sector is particularly attractive for women and therefore may be more successful in

recruiting them. This advantage of the public sector is relevant when designing recruiting

strategies and pay schemes in times of an increasing competition for (skilled) employees.

For men, we find only a small PPWG when applying the FE quantile approach. This

finding may be interpreted as a balanced situation between the public and private sector

when it comes to pay. However, the decomposition analysis shows that the total gap is

misleading as the small PPWG is made up in almost equal terms of a positive character-

istics and a negative coefficients effect. Although men in the public sector have better

endowments at all points of the wage distribution (positive characteristics effect), they

are at the same time penalized for working in the public sector at all points of the wage

distribution (negative coefficients effect).

Our results suggest that this penalization is not due to compensating wage differen-

tials for job stability or generous pension rights. In fact, we find persistent negative

coefficient effects for men and bottom-income women when excluding civil servants, who

enjoy special privileges like employment protection and generous pension rights. Com-
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bined with a zero total gap, the penalization may result in a low appeal of public-sector

employment for men. Therefore, the public sector risks falling behind when competing

with the private sector for high-skilled male employees. The latter does not apply to the

same extent to women, as we observe positive PPWGs throughout the distribution.

Looking at the evolution of the PPWG over time suggests that the erosion of collective

wage bargaining in Germany lead to diverging trends of the gap at different points

of the distribution. Consequently, it is important to use quantile as well as panel-

data approaches for the analysis of PPWGs. A caveat of our study is that we need

to assume constant individual-level heterogeneity across the distribution. Nonetheless,

our approach is more flexible compared to the methods present in the literature (e.g.,

Bargain et al., 2018).

Overall, our results suggest that the public sector should modify and adjust its pay

schemes to merit-based ones – especially for men – in order to not be at risk of losing

(skilled) employees. The latter is especially relevant in times of demographic change and

an increasing competition for (skilled) employees.
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Appendix

A Further descriptive statistics

Table A.1 shows descriptive statistics for the full sample. We find a statistically sig-

nificant PPWG of 7% (log approximation). Public-sector employees are on average

statistically significantly better educated, older and stay longer with the same employer.

In terms of labor market experience, employees in the two sectors do not statistically

significantly differ from each other. Further, public-sector employees are more often

part-time employees and have less often permanent contracts. This finding is in line

with employment trends in the German public sector (Keller, 2010). Substantially more

women as well as more married individuals are employed in the public sector. In fact, the

public sector may be a particularly attractive employer for women due to more flexible

working hours allowing thus for a better work-life balance.

Table A.1: Descriptive statistics full sample (movers and non-movers) by sector, selected
controls

(1) (2) (3) (4) (5)
Sector Public Private
Variable Mean Std. dev. Mean Std. dev. Difference

Log hourly wages 2.673 0.51 2.606 0.551 0.067***
Schooling (in years) 13.193 2.89 12.176 2.519 1.017***
Age (in years) 44.504 10.014 42.019 10.139 2.485***
Experience (in years) 16.772 11.179 16.69 10.85 0.082
Tenure (in years) 15.425 10.804 11.401 9.725 4.024***
Part-time (dummy) 0.246 0.43 0.145 0.352 0.101***
Permanent contract (dummy) 0.745 0.436 0.798 0.401 -0.053***
Medium firm (dummy) 0.316 0.465 0.246 0.431 0.070***
Large firm (dummy) 0.328 0.469 0.221 0.415 0.107***
Married (dummy) 0.676 0.468 0.656 0.475 0.020***
Female (dummy) 0.528 0.499 0.396 0.489 0.116***
Observations 36,669 79,083 115,752

Notes: Figures refer to movers in both direction, i.e. into public and into private employment. Medium
firm equals one if firm has between 200 and 1,999 employees. Large firm equals one if firm has at least
2,000 employees. Reported differences are based on a regression of a public-sector dummy on the selected
variables. ∗, ∗∗ and ∗∗∗ denote significance at the 10%-, 5%- and 1%-level, respectively. Robust standard
errors (clustered at the individual level) are used. Source: SOEP data v34.

Figure A.1, Panel (a), shows that wages between public- and private-sector employ-

ees are distributed differently, with generally higher wages for public-sector employees.

However, at the upper part of the wage distribution, this relation reverses. The latter

underlines that it is important to consider PPWGs along the distribution. The same
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holds for men (see Figure A.1, Panel (b)). For women, the wage distribution in the public

sector is shifted to the right compared with the private sector implying that women earn

more in the public than in the private sector at most points of the wage distribution.

Looking only at the mean would not capture this variation along the distribution. Thus,

it is important to go beyond the mean when looking at the PPWG.

Figure A.1: Distribution of log hourly wages by sector
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(a) Full Sample

0
.2

.4
.6

.8
D

is
tri

bu
tio

n 
of

 lo
g 

ho
ur

ly
 g

ro
ss

 w
ag

e

1 2 3 4 5 6
Log hourly gross wage

Log hourly gross wage public sector Log hourly gross wage private sector

(b) Men
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(c) Women

Table A.2 presents descriptive statistics for movers across sectors in the full sample.12

Compared with the full sample, the observed differences between the public and the pri-

vate sector are less pronounced, except for working in a large firm in case of movers. The

sign and the level of statistical significance of the observed differences between public-

and private-sector employees persist. Thus, when sector switching takes place, observed

differences decrease but remain statistically significantly different between employees in

12We do not distinguish between movers to the private sector and movers to the public sector in Table
A.1.
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the public and private sector.

Table A.2: Descriptive statistics movers by sector, selected controls

(1) (2) (3) (4) (5)
Sector Public Private
Variable Mean Std. dev. Mean Std. dev. Difference

Log hourly wages 2.609 0.491 2.581 0.545 0.028***
Schooling (in years) 12.691 2.704 12.438 2.638 0.253***
Age (in years) 42.264 9.974 41.458 10.112 0.806***
Experience (in years) 14.274 10.217 14.397 10.144 -0.123
Tenure (in years) 10.751 9.629 9.829 9.258 0.922***
Part-time (dummy) 0.235 0.424 0.201 0.4 0.034***
Permanent contract (dummy) 0.75 0.433 0.783 0.412 -0.033***
Medium firm (dummy) 0.321 0.467 0.234 0.424 0.087***
Large firm (dummy) 0.278 0.448 0.218 0.413 0.060***
Married (dummy) 0.634 0.482 0.624 0.484 0.010***
Female (dummy) 0.580 0.494 0.508 0.499 0.072***
Observations 10,732 11,885 22,617

Notes: Medium firm equals one if firm has between 200 and 1,999 employees. Large firm equals one
if firm has at least 2,000 employees. Reported differences are based on a regression of a public-sector
dummy on the selected variables. ∗, ∗∗ and ∗ ∗ ∗ denote significance at the 10%-, 5%- and 1%-level,
respectively. Robust standard errors (clustered at the individual level) are used. Source: SOEP data
v34.

Table A.3 shows the number of movers across sectors. We define movers as individuals

that change sectors at least once. In our sample, 20% of all individuals change the sector

at least once over the period 1984-2017. Most individuals move to the public sector

(18%). Sector switching – independently of the direction – is also more prevalent among

women (see Table A.3).

Table A.4 shows descriptive statistics for movers and non-movers by gender. We see

that male movers earn less than male non-movers (see Table A.4, Panel (a)). Also male

movers outperform male non-movers in terms of schooling and are on average younger,

have less labor market experience and tenure than non-movers. When it comes to part-

time employment, type of contract and firm size, differences between male movers and

non-movers are small and – partly – statistically insignificant. For women, we find no

statistically significant wage gap between movers and non-movers (see Table A.4, Panel

(b)). Similarly, we find no statistically significant difference in terms of schooling. Apart

from that, our results for women are very similar to those for men in terms of age, labor

market experience, tenure, part-time employment and firm size.

Generally, Table A.4 suggests that movers – both men and women – have on average

better observable human capital and general labor market characteristics. Recall that
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Table A.3: Sector movers

(1) (2) (3)
Full sample Men Women

Panel observations 115,752 65,064 50,688
Number of employees 12,800 6,887 5,913
Share of public-sector 31.68 26.58 38.22
employees (in %)
Average periods observed 6.7 7.02 6.29
by employee

Individuals with at least 2,182 (17.05) 925 (13.43) 1,257 (21.56)
one sector move at all (in %)
Number of employees with at least 22,617 (19.54) 10,359 (15.92) 12,258 (24.18)
one sector move at all (in %)
Number of employees moving from 6,710 (8.45) 3,080 (6.44) 3,630 (11.5)
public to private sector (in %)
Number of employees moving from 6,711 (18.47) 2,868 (16.66) 3,843 (20.1)
private to public sector (in %)

Notes: ‘at least one sector move at all’ may include both movers in the public and in the private sector.
Source: SOEP data v34.

in times of demographic change, the public and private sector may compete particularly

for these – better educated and skilled – employees.
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Table A.4: Descriptive statistics for movers and non-movers by gender, selected controls

(1) (2) (3) (4) (5)
Mover Non-mover

Variable Mean Std. dev. Mean Std. dev. Difference

Panel (a): Men
Log hourly wages 2.666 0.539 2.699 0.544 -0.033**
Schooling (in years) 12.647 2.812 12.399 2.704 0.248**
Age (in years) 41.726 9.843 43.183 10.089 -1.457***
Experience (in years) 18.34 10.331 20.669 10.741 -2.329***
Tenure (in years) 11.753 10.382 14.285 10.69 -2.532***
Part-time (dummy) 0.029 0.167 0.021 0.144 0.008*
Permanent contract (dummy) 0.757 0.429 0.773 0.419 -0.016*
Medium firm (dummy) 0.269 0.443 0.274 0.446 -0.005
Large firm (dummy) 0.28 0.449 0.276 0.447 0.004
Married (dummy) 0.699 0.459 0.726 0.446 -0.027*
Observations 10,359 54,705 65,064
Panel (b): Women
Log hourly wages 2.534 0.496 2.545 0.529 -0.011
Schooling (in years) 12.484 2.546 12.605 2.659 -0.121
Age (in years) 41.938 10.23 42.839 10.301 -0.901***
Experience (in years) 10.957 8.718 12.487 9.637 -1.53***
Tenure (in years) 9.01 8.374 11.803 9.671 -2.793***
Part-time (dummy) 0.376 0.484 0.376 0.484 0
Permanent contract (dummy) 0.776 0.417 0.802 0.399 -0.026***
Medium firm (dummy) 0.281 0.449 0.256 0.436 0.025**
Large firm (dummy) 0.217 0.412 0.231 0.421 -0.014
Married (dummy) 0.569 0.495 0.591 0.492 -0.022
Observations 12,258 38,430 50,688

Notes: Reported figures refer to individuals that move at least once. Medium firm equals one if firm has
between 200 and 1,999 employees. Large firm equals one if firm has at least 2,000 employees. Reported
differences are based on a regression of a mover dummy on the selected variables. ∗, ∗∗ and ∗ ∗ ∗
denote significance at the 10%-, 5%- and 1%-level, respectively. Robust standard errors (clustered at the
individual level) are used. Source: SOEP data v34.

34



B Further robustness tests

In this Section, we show the observed PPWG over time (Section B.1) and repeat the

estimation analysis for both movers in the public (Section B.2) and the private sector

(Section B.3). In case of the mover analysis, we show descriptive statistics and decom-

position results.

B.1 Observed PPWG over time

Figure B.1: Evolution of the observed PPWG over time – Selected percentiles
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(a) Men
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(b) Women

Notes: Figure represents the observed gap separately by year. The represented gap does not rely on

the conditional models.

B.2 Robustness check: Public-sector movers only

For robustness, we now restrict our sample to movers in the public sector and non-

movers. Table B.1 shows that by excluding private-sector movers, we have relatively

more public-sector employees (26% of all men and 38% of all women are public-sector

employees). Further, the PPWG is slightly higher for men and women compared to the

main analysis (Table 1), where we consider both movers in the public and the private

sector. This finding suggests that better endowed individuals change into public work

and that this move pays off for them. In fact, the difference in educational attainment

and experience between public- and private-sector employees is more pronounced in

this sample, both for men and women, while tenure is slightly shorter (see Table B.1).

There are no changes in differences in part-time employment and in having a permanent

contract between the public and private sector when only considering movers in the

public sector and non-movers.
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Table B.1: Descriptive statistics public-sector movers and non-movers by sector and gen-
der, selected controls

(1) (2) (3) (4) (5)
Sector Public Private
Variable Mean Std. dev. Mean Std. dev. Difference

Panel (a): Men
Log hourly wages 2.712 0.524 2.689 0.550 0.023*
Schooling (in years) 13.206 2.937 12.158 2.583 1.048***
Age (in years) 45.34 9.826 42.211 9.987 3.129***
Experience (in years) 22.017 10.525 19.836 10.675 2.181***
Tenure (in years) 18.204 10.943 12.522 10.164 5.682***
Part-time (dummy) 0.054 0.226 0.011 0.102 0.043***
Permanent contract (dummy) 0.712 0.453 0.793 0.405 -0.081**
Medium firm (dummy) 0.311 0.463 0.261 0.439 0.05***
Large firm (dummy) 0.375 0.484 0.242 0.428 0.133***
Married (dummy) 0.745 0.436 0.716 0.451 0.029**
Observations 16,407 47,017 63,424

Panel (b): Women
Log hourly wages 2.65 0.493 2.478 0.528 0.172***
Schooling (in years) 13.255 2.861 12.156 2.393 1.099***
Age (in years) 44.226 9.955 41.776 10.330 2.45***
Experience (in years) 12.575 9.745 12.08 9.290 0.495*
Tenure (in years) 13.814 10.120 9.815 8.720 3.999***
Part-time (dummy) 0.417 0.493 0.348 0.476 0.069***
Permanent contract (dummy) 0.782 0.413 0.81 0.392 -0.028***
Medium firm (dummy) 0.326 0.469 0.223 0.416 0.103***
Large firm (dummy) 0.291 0.454 0.19 0.393 0.101***
Married (dummy) 0.624 0.484 0.566 0.496 0.058***
Observations 18,170 30,073 48,243

Notes: Sample restricted to movers in the public sector Medium firm equals one if firm has between 200
and 1,999 employees. Large firm equals one if firm has at least 2,000 employees. Reported differences are
based on a regression of a public-sector dummy on the selected variables. ∗, ∗∗ and ∗∗∗ denote significance
at the 10%-, 5%- and 1%-level, respectively. Robust standard errors (clustered at the individual level)
are used. Source: SOEP data v34.
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Figure B.2 shows that the main conclusions on the PPWG persist when restricting

the sample to public-sector movers and non-movers. For men, we still see a slightly

positive PPWG in the pooled sample, which turns negative after the 80th percentile (see

Figure B.2, Panel (a)). Using the FE approach, the observed PPWG is close to zero

at all points of the wage distribution due to a counterbalancing of the coefficients and

characteristics effect (Figure B.2, Panel (c)).

Looking at the PPWG for women in the pooled sample, we see that conditional wages

of women working in the public sector are higher than in the private sector independently

of their rank in the wage distribution (Figure B.2, Panel (b)). When we apply the FE

approach, the PPWG for women is positive at all points of the wage distribution driven

by both a positive coefficients and a positive characteristics effect. All in all, the results

from the main analysis in Section 4 are robust to excluding private-sector movers.

Figure B.2: PPWG along the wage distribution – public-sector movers and non-movers
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(a) Men – pooled sample approach
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(b) Women – pooled sample approach
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(c) Men – FE approach
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(d) Women – FE approach
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B.3 Robustness check: Private-sector movers only

Finally, we restrict our sample to movers in the private sector and non-movers. We do

so, in order to account for the fact that movers to the private sector may be a specific

subsample. Table B.2 shows the descriptive statistics for this sample. The PPWG

for men is statistically insignificant, while we find a positive and statistically significant

PPWG for women. These findings are similar to those of Table 1 from the main analysis.

For men, differences in observable characteristics persist in sign and size compared to

the main analysis. For women, differences in age between the public and the private

sector are smaller, while difference in tenure are higher when only considering private-

sector movers and non-movers compared to the descriptive statistics of the main analysis.

Despite these changes in size, public- and private-sector employees are still statistically

significantly different from each other in terms of general observable characteristics.

Figure B.3 shows the PPWG along the wage distribution for men and women for

both the pooled sample and the FE approach when restricting the sample to private-

sector movers and non-movers. Applying the pooled sample approach, we find that the

PPWG for men is only slightly positive and turns negative after the 80th percentile (see

Figure B.3, Panel (a)). When taking the panel structure into account and using the FE

approach, the PPWG for men is around zero at all points of the wage distribution (see

Figure B.3, Panel (c)). Thus, the findings for men when only dropping public-sector

movers are in line with those of the main analysis.
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Table B.2: Descriptive statistics sample private-sector movers and non-movers by sector
and gender, selected controls

(1) (2) (3) (4) (5)
Sector Public Private
Variable Mean Std. dev. Mean Std. dev. Difference

Panel (a): Men
Log hourly wages 2.703 0.53 2.695 0.549 0.008
Schooling (in years) 13.225 2.945 12.178 2.594 1.047***
Age (in years) 45.142 10.001 42.31 9.989 2.832***
Experience (in years) 21.835 10.679 19.903 10.689 1.932***
Tenure (in years) 18.371 10.913 12.55 10.19 5.821***
Part-time (dummy) 0.054 0.225 0.011 0.103 0.043***
Permanent contract (dummy) 0.702 0.457 0.795 0.404 -0.093***
Medium firm (dummy) 0.302 0.459 0.261 0.439 0.041***
Large firm (dummy) 0.381 0.486 0.243 0.429 0.138***
Married (dummy) 0.739 0.439 0.716 0.451 0.023*
Observations 15,820 46,376 62,196

Panel (b): Women
Log hourly wages 2.642 0.503 2.489 0.525 0.153***
Schooling (in years) 13.306 2.867 12.178 2.404 1.128***
Age (in years) 43.947 10.118 41.908 10.332 2.039***
Experience (in years) 12.377 9.757 12.118 9.33 0.259
Tenure (in years) 13.946 10.219 9.895 8.773 4.051***
Part-time (dummy) 0.426 0.494 0.35 0.477 0.076***
Permanent contract (dummy) 0.773 0.419 0.813 0.39 0 -0.040***
Medium firm (dummy) 0.32 0.466 0.222 0.416 0.098***
Large firm (dummy) 0.29 0.454 0.191 0.393 0.099***
Married (dummy) 0.623 0.485 0.568 0.495 0.055***
Observations 17,175 29,670 46,845

Notes: Sample restricted to movers in the private sector. Medium firm equals one if firm has between 200
and 1,999 employees. Large firm equals one if firm has at least 2,000 employees. Reported differences are
based on a regression of a public-sector dummy on the selected variables. ∗, ∗∗ and ∗∗∗ denote significance
at the 10%-, 5%- and 1%-level, respectively. Robust standard errors (clustered at the individual level)
are used. Source: SOEP data v34.
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Figure B.3: PPWG along the wage distribution – private-sector movers and non-movers
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(a) Men – Pooled sample approach
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(b) Women – Pooled sample approach
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(c) Men – FE approach
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(d) Women – FE approach

For women, the PPWG in Figure B.3, Panel (b), is positive at all points of the wage

distribution. The gap is – as in the main analysis – driven by a positive characteristics

effect. Applying the FE approach, the female PPWG remains positive at all points of

the wage distribution (see Figure B.3, Panel (d)). The size of the PPWG for women is

thereby similar compared to the results from the main analysis (Figure 3). Moreover,

the influence of the coefficients and the characteristics effect on the PPWG for women

does not change when restricting the sample to private-sector movers (Figure B.3, Panel

(d)).

Hence, excluding public-sector movers from the sample does neither for men nor for

women change our conclusions from the main analysis.
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