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1. Introduction

The gender wage gap is one of the most vividly discussed topics regarding possibility of
wage discrimination. Even though there exist many forms of discrimination with respect to
gender, we focus on the potential for discrimination on the labor market. It is well-established
that discrimination with regard to other aspects of the society, such as e.g., in education,
might additionally lead to discrimination on the labor market. But this is not the topic of
our analysis.

Some scholars, e.g. [Kunze (2008) warn against interpreting the unexplained gender wage
gap as discrimination, as typically one can not measure productivity differences precisely
enough, or assume that those differences themselves are not an outcome of discriminatory
behavior. Nevertheless, to assure comparability of our results with previous studies, we look
at the gender wage gap using a decomposition method. However, we remain cautious when
interpreting our results.

In an overview, |Weichselbaumer and Winter-Ebmer| (2005) show that there is a signifi-
cant reduction in the gender wage gap over the past 30 years in the OECD countries, and
that most of the gender-wage gap stems from differences in characteristics between men and
women. This indicates that discrimination on the labor market is probably smaller compared
to discrimination in other areas of the society. Moreover, access to more reliable data and
more sophisticated econometric techniques allows us to look more closely at the gap than 30
years ago. Indeed, it might be the case, that some part of the conclusion that the gender
wage gap is closing is due to ever-better estimation techniques.

Still, the question of labor market discrimination and determinants of differences between
the genders is not an easy one. Good-quality data is needed to ensure that all valid character-
istics of workers can be covered. That is why, in our study, we look at some factors affecting
wages, which have not been covered in previous analyses using a new dataset.

It is often argued that occupational segregation by gender is a main driver of the difference
in the pay of men and women, as it has been argued by |Blau and Kahn| (2000). Even though
occupational segregation fell in most developed countries over the last decades according to

Blau et al|(2013) and the beneficial effect of technology on the difference between male and



female earnings (see e.g. Black and Spitz-Oener|(2010)), the gender wage gap is still persistent.
It is of special interest, that according to |Goldin (2014)), the gender wage gap is especially
driven within narrow defined occupations and not across different occupations. |Autor and
Handel (2013]) show that tasks in the US vary substantially within certain occupations between
gender and race. If that is the case, controlling for tasks or skill might explain part of the
gender wage gap. This question is exactly the motivation of our paper.

It is particularly difficult to find data regarding the skills of workers, over- or under-
qualification, and some other characteristics that are obviously decisive for productivity and
in consequence for the earned wage. Not including such variables in the gender-wage-gap
analysis leads to a bias in the unexplained part of the gender wage gap and automatically
results in a wrong estimate of potential wage discrimination.

Additionally, many studies have shown that the unexplained gender wage gap is not equal
over the wage distribution. Most papers find that it increases along the wage distribution,
indicating that if there exists discrimination against women, it is higher for higher wages than
for lower wages. In Austria and Germany, for instance, this finding is hypothesized to stem
from binding collective bargaining contracts at the lower end of the wage distribution. On the
other hand, an important issue of selection into the workforce affects the estimation of the
gender gap at the lower end of the distribution - and it does that in the opposite direction.
Without controlling for sample selection, we would compare a representative sample of males
with the most productive females, which leads to an underestimation of the size of the wage
gap.

In light of the above observations, we make a first attempt to include variables such as
the skills of workers, the over- or under-qualification as well as the flexibility of work and
presence of small children to account for otherwise not included characteristics. In fact, those
characteristics have not been covered in studies of the gender-wage gap in Austria. Taking
into account these factors, we show that the estimated wage gap is much smaller than in
the previous studies, once specific skills and their utilization, as well as work flexibility are
controlled for. Moreover, we control for selection of individuals into workforce and show that

wage gap at the lower end of the wage distribution is higher than if we do not control for this



factor. Finally, the our dataset allows us to consider the wage gap also with regards to bonus
payments. We exploit the dataset for a single country, as cross-country differences in labor
market participation could bias the results - an issue which we discuss in more detail further
on.

More generally, further research regarding the gender gap based on the Programme for
the International Assessment of Adult Competencies (PIAAC) dataset is highly desirable, as
it allows direct control for adult skills and their utilization. To the best of our knowledge,
this is the first study which exploits this dataset.

This work is structured as follows: the next section provides a brief overview of the gender
gap literature with a focus on previous estimates of the gender gap in Austria. Section
presents the dataset and the empirical approach. Section [4] presents the results. Section [5]

concludes the paper.

2. Literature overview

While studies concentrate on different features with regard to the gender wage gap, there
are several aspects that are more or less common to all of them. The first is the Blinder| (1973)
and (Oaxacal (1973) (type) decomposition, which can be described as the method of splitting
the unadjusted gender wage gap into two parts, where one is described as the explained part
and the remainder as the unexplained part. The ”explained part” implies as much as the
part of the gap which can be positively ascribed to differences in certain characteristics, and
the other is commonly interpreted as discrimination.

The Blinder and Oxaca approach is based on human capital theory, stating that wages are
tied to productivity and an observed male-female wage gap should be explained by differences
in productivity between men and women. As a result, most studies mainly consider factors
affecting productivity, such as education, work experience, tenure etc.

Any discussion of previous studies can by no means be definitive or exhaustive. Neverthe-
less, several trends and recent results can be summarized. Different scholars and institutions
choose different factors to add to the basic human capital and productivity characteristics

that appear in almost all studies. The choice of factors depends on the specific inquiry and



can increase the part that can be explained through regression analyses. Recently, more
detailed studies, therefore, tend to exhibit smaller unexplained parts than earlier works and
all-encompassing international analyses.

In the first part of this section we focus on recent international studies that are related to

our research, while in the second part we discuss the existing literature for Austria.

2.1. International Literature

Boll and Leppin (2015 show that in Germany, the unadjusted gender wage gap of (up
to) 23,9% leaves an unexplained part of 2,3% when controlled for various characteristics.
Differences in experience, working hours, work status, sector as well as the migration back-
ground between men and women are those five factors that explain the most of the gender
wage gap in Germany. The authors further break the gap down across the wage distribution,
showing that while women in the bottom quantiles experience positive discrimination of 9%
(probably through collective agreements), women at the top of the distribution experience an
unexplained wage gap of 8%. Blau and Kahn (2016) draw a similar picture for the US.

In a cross-country study, Boll et al. (2016) add variables for over-education, perceived
health, country of birth, firm size, existence of supervisory position, marital status and infor-
mation on the partners labor market characteristics (if available) to the usual characteristics.
They find an unadjusted cross-country gap of 18,4%, which they break down into an 11,1%
unexplained gap and a 7,2% explained gap. While on this cross-country basis the unexplained
part still makes up the majority of the gap, several countries, namely Austria, France, Norway,
Serbia and Switzerland, exhibit an unexplained gap of less than 5%.

Cross-country analyses of the gender wage gap exhibit specific problems. [Boll et al.| (2016)
themselves, and other studies, such as|Tijdens et al. (2012) draw attention to the fact that low
job-market participation rates among females correlate with a small gender wage gap. This is
explained by the selection process that results in lower job-market participation for females.
In countries with low female participation rates only the most educated and qualified women
participate, and find themselves in relatively well-paid jobs.

The question of female labor force participation often hinges on national family policies.

A large part of gender gap literature focuses on the question of the impact of children on



parents wages, which is often called the family wage gap. Meurs et al. (2010) examine the
impact of child-related career interruptions on women’s wages. Studies such as|Angelov et al.
(2013) have shown no direct impact of the factor ”children” on the wages of mothers. Meurs
et al. (2010]) similarly conclude that it is not the mere presence of a child that has an impact
on women’s wages, but the child-related career interruptions. In numbers, the authors show
a 2.5% penalty for each year out of work for childcare. The ’interruption’ gap between men
and women lies at 19%. Interestingly, they also find that women, who did not take child-
related time out would be paid more than men if they were getting the same returns to their
productive characteristics. This study, therefore, seems to confirm what other authors, such
as|Weeden et al.| (2016)) have argued, namely that much of what appears to be a gender wage
gap is a gender-specific family gap in pay and that most of it could be explained by factors
directly or indirectly related to motherhood.

Since having a child might require more flexibility of the job, especially in countries where
public childcare is weak, it is often argued that this factor influences the wages. |Goldin
(2014)) looks at BA graduates working full-time and full-year. She shows that most of the
gender gap (68%) is due to differences within occupations. She continues to demonstrate that
occupations that show nonlinearity in earnings with respect to the time worked, exhibit the
highest gender pay gap. This nonlinearity leads to a discrimination with respect to jobs that
offer flexibility and employees that look for it. In this case, flexibility of working hours is an
important factor for determining the size of the wage gap, and may be taken to discriminate
against people, who have to choose a flexible job or are at least strongly encouraged to do so

for whatever reason.

2.2. Literature for Austria

The empirical studies with regard to the gender wage gap in Austria are manifold. Typi-
cally, quantile regressions are used, but especially in older works such as Boheim et al.| (2005)
and |Boheim et al.| (2007), quantile regressions are applied in combination with Oaxaca-Blinder

decomposition, which technically speaking is an incorrect approach and typically leads to an



unexplained residual of unknown sizeE] Boheim et al.| (2005)) estimate that discrimination
caused women to earn between 17% and 18% less on average. During the period between
1983 and 1997, the average difference in wages between men and women that cannot be ex-
plained decreased from 18% to 15.5% (using men’s wages as reference). Boheim et al.| (2007))
present similar results.

Boheim et al.| (2013a)) use a similar approach to the [Machado and Mata, (2005) decomposi-
ton, that can solve the problems arising from the Oaxaca-Blinder decomposition of quantile
regressions. This paper shows that women earn about 14 % less than men controlling for cer-
tain characteristics and about 50% of the gender wage gap cannot be explained by observed
characteristics. They additionally show that the uexplained part increases along the wage
distribution.

Grandner and Gstach| (2015)) use the decomposition method of Machado-Mata on quantile
regressions to compare differences in the gender wage gaps in Austria and Germany. They
show that for Austria, the gender wage gap is about 20% across all income groups. They also
show that the difference in observable characteristics does not explain any of the gender wage
gap. This implies that there are no differences in characteristics. This is exactly the opposite
of what Boheim et al.| (2013a)) have found.

Boheim et al| (2013b)) use the Oaxaca-Blinder decomposition to analyze the wage gap
between 2002 and 2007. They show that, first, about 50% of the gender wage gap can be
explained by observable characteristics. Women have on average higher formal education but
less work experience (probably due to child-bearing and child-care). Second, they show that
the gender wage gap decreased from 21% in 2002 to 16% in 2007.

Grunberger et al.|(2009) use a Mincer wage regression method and show that for employees
working full time, women earn on average 22% less than men. Controlling for observable
characteristics brings the figure down to 12%. They additionally show that the explained
part of the gender wage gap is higher in the lower part of the wage distribution.

The most recent papers and results for Austria are summarized in Table [I| All of these

Zsee e. g. |Grandner and Gstach| (2015) and [Fortin et al.| (2011)



studies face some data problems regarding unobserved characteristics such as the skills of

workers, the existence of (small) kids, as well as the flexibility of the job. They, except for

Grunberger et al.| (2009),°| do not control for sample selection.
| g p

3Griinberger et al|(2009) use Mincer wage regressions and add in one specification the inverse-Mills ratio
to the regressions; they do not control for sample selection for different quantiles of the distribution. In
fact, inverse-Mills rations from a parametric first-stage would be an improper measure in a quantile-regression
context.




(007) [ereIN pue

snje)s A[rurey ‘10300s orqnd

uonnquIIsIp  [opeyoeyy ‘uors ‘qol ~dwog ‘ozrs wIy ‘o8e ‘YIIq agem (ST02) |yorIsH
o8em o) ISAO JURISUOD -SoIGol  o[luenb QOOg Ul yudordd ()7  JO AIjUnoo ‘eoudliodxo ‘uoljeonpo  A[INOY  SSOIS  [pue ToUpUeRIr)
(10r0mINY ‘oreun /oretr
-9J ‘08®) SOI)SLIOJORIRYD UWLIY ‘OZIS
WL ‘STLe)s IoyIOM ‘AJISUOp UOTl)
-endod ‘diysueziyo  ‘snje)s AL
200g pue -we]  ‘suonjdniiojul Jo  )8udf adem (qe102)
2007 UddMm)a(q UOIJONpPal opulg-eoexe() 200z urjueorad 97  ‘einud)  ‘eousiodxe  ‘uorjeonpeo  A[NOY  SS0I8 [Te Jo WOy
uoI3al ‘oz1s A310 ‘AjIeuoryeu
‘snjels A[rure] ‘ozis wLy ‘A1jsnput
((9002) ‘STLe)S IONIOM ‘DA AJTUIS)RU JO
uornquIsIp |A[[PJ\)  UOISSoI3 38u9] ‘suorydniIojur 1991ed ‘uor) (L) seSem (e€102)
o8em oY} IOAO dSedIdUl  -ol o[yuenb  )00g ur yuedted T -ednooo  ‘eoustrodxe ‘uoryeonpe  A[moy  ssoI8 [TR 0 WOy
Uuor3al ‘AJIeuorjeu ‘snjels AJrurey
UOTINLIISIP UOTSS9I3 ‘Argsnpur  ‘snje)s IoNIOM U0} (L) soSem (6002)
ogem oY} IOAO 9SBdIDUI -01 oFem JIDUIN 9007z tueored g1 -ednooo ‘eousnredxe ‘uorpeonpe  A[IMOY  SSOI3  [[R 10 I0FIQUILIY)
UoI8a1 ‘oz1s A310 ‘AjIeuorjeu
Iopulg ‘snye)s  Arurey  ‘Argsnpur  ‘Ie[joo (yuoreambo
9WII) IOAO UOI}  -BIRXEB() ‘uors -m  ‘sumonydnarejul  Iedred  T,) yruow Iod (2£007)
“RUIWLIOSIP JO OSBRI -soIgor  o[ijuenb ) geT urqueored 1 ‘uonyisod ‘eousriodxe ‘uoreonpe sguruIes  jou [Te Jo WYY
Ayeuoryeu
opulg ‘snyeys Aprurej ‘uoryedorses -dno
uonnquIIsip  -rvoeXR() ‘uors L66T -00 ‘posIom SINOY ‘IR[[0d-9}IYM yuowr 1od (5002)
ofem oY} I0AO dSedIdUl -soIgol  o[iyuenb ur jquedored GGy ‘worysod ‘eousrrodxe ‘uorjeonpo  sSuUILIRGO  PU [Te 0 WYY
NIeway] poylely  ded peurerdxeun) sjonyuo)  a[qerrea do(J

RLI}SNIY/ I0J MOTAIOAO OIMNYBIDNT T 9[qe],



3. Methodolgy and Data

3.1. The empirical approach

We estimate the gender wage gap using counterfactual distributions approach by |Cher-
nozhukov et al. (2013)@ Previous studies of the gender gap in Austria relied on the [Machado
and Mata, (2005) approach to estimating counterfactual distributions. However, |Machado
and Matal (2005) do not present econometric theory for their results. |Chernozhukov et al.
(2013) propose a more comprehensive approach to estimation of counterfactual distributions.
Improving on the existing literature, it allows us to also study the contribution of specific
covariates at different parts of the distribution (see, e.g., [Depalo et al.2015)). Following
the example of |(Chernozhukov et al.| (2013)), let 7 = 0,1 denote the subpopulation of men
( = 0) and the subpopulation of women (j = 1). Y; denotes the wages, and X, is the
vector of job-relevant characteristics affecting the wages. Conditional distribution functions
Fy, x,(ylz) and Fy, | x, (y|z) describe assignment of wages y to individuals with characteristics
z. If Fy g0 and Fy ) are the observed distributions for men and women, respectively,

we can denote

Fycons(y) = / Fry 0 (412)dFx, (2), (1)

X1
the counterfactual distribution function of wages that would have prevailed for women had
they faced the mens wage schedule, where y; denotes the support of women’s characteristics.
This distribution is constructed by integrating the conditional distribution of wages for men
with respect to the distribution of characteristics for women (Chernozhukov et al. [2013).

The difference between the wage distributions can be then decomposed as

Fycipns = Fycops = [Fy<ipis — Fy<ops] + [Fy<ops — Fy <ojos)s (2)

where the first term corresponds to the differences in returns, which is a common measure
of discrimination, as opposed to the second term, which corresponds to the differences in

characteristics. Under the conditional exogeneity assumption, the counterfactual effect can

“Tmplemented in STATA with cdeco.
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be interpreted as causal.

The estimator used is the linear quantile regression estimator by [Koenker and Bassett Jr
(1978). The confidence intervals are bootstrapped, using the asymptotic properties by |Cher-
nozhukov et al.| (2013]).

A second methodological issue is that some often-used control variables are endogenous
(such as selection into certain activities, full-time work, or simply a decision to start work-
ing) is an important factor. If, for instance, reservation wage of a woman depends on her
productivity and, therefore, potentially the same factors as the observed wages, the estimates
will be biased due to sample selection. In essence, not correcting for sample selection means
comparing the wages of a representative sample of males to a censored sample of females,
where the censoring implies that the least productive females are not observed. If this is the
case, the uncorrected gender gap will be underestimated.

We therefore correct for selection into employment. Austria faces, among comparable Eu-
ropean countries, a fairly low labor force participation among women, which can be explained

by several factors:

e Traditional division of tasks in the family, i.e., females are expected to take over the

major part of household and childcare obligations;

e Comparative under-provision of public childcare institutions, in particular for children

of age three and less;
e Generosity of the social system and long maternity leaves (of up to three years).

In effect, women are more likely to stay out of the labor force, in particular if they have chil-
dren, as the opportunity cost of working (that is the loss of social benefits and additional costs
associated with institutionalized childcare) might be too high. We therefore include factors
affecting the reservation wage, as well as childcare obligations, in the selection equation.

To correct for sample selection we apply a three-step procedure, following [Buchinsky

(1998) and |Buchinsky (2002)|ﬂ In the first step, we estimate the selection equation using

SMore recently, |Arellano and Bonhomme| (2017) have proposed a non-additive approach to sample-selection
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semiparametric maximum likelihood estimator by [Klein and Spady| (1993)), which is asymp-

totically efficient in the sense that it attains the semiparametric efficiency bound, and record
the generated single index. In the second step we regress the outcome variable on the charac-
teristics and a polynomial of the generated inverse Mill’s ratios. This, as shown by
yields a consistent estimator of 3, which under some regularity conditions is also
asymptotically normal. Finally, as we have obtained consistent estimates of the coefficients,

we can decompose the quantile functions in a manner described above. Reported specification

tests are based on (Chernozhukov et al.| (2013)).

The quantile selection estimation of Buchinsky| (1998) can be shortly summarized as fol-

lows. Wage depends linearly on a set of labor market characteristics
y; = BoXia + wi, (3)
whereas y is observed only if it exceeds the reservation wage y given by
ylt = X1 + i, (4)
where (dropping the ¢ index) X C Xlﬂ The observed wage can be written as
y=d- -y =d(BeXz+ up), (5)
where d = I(y* > y). The conditional quantile of the observed wage is given by
Quanty(y|X2) = ByX2 + hy(X1,70)- (6)

In the first, step we need to estimate g, independent of any assumptions about the

distribution of v, which we conduct with semiparametric maximum likelihood by

correction. Moreover, [Huber and Melly| (2015) have expressed doubt about the assumption of homogenous
selection across the quantiles, also visualized by Machado| (2017). Since the main focus of this work is on the
role of skills, we abstract from these considerations here.

°Tt is also necessary that at least one of the variables not included in X5 is continous.
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Spady| (1993). In the second step, a consistent estimator for Sy is obtained from a quantile
regression of y on Xy and Pg, where Pg is a polynomial approximation of order S of e.g., the
inverse of the Mill’s ratio.

For identification, it is necessary to include in Equation [ variables that determine the
reservation wage, but do not enter the wage equation. In our case, the first-stage excluded in-
struments are: age, age squared, dummy for whether a person is living with a spouse/partner,
the number of people living in the household and the job status of the partner (full-time work,
part-time work, unemployed etc.). Included instruments entering both equations are all other
demographic characteristics. We estimate the selection equations separately for males and
females. Selection equations results (probit and single index) are reported in Table |8 in the

Appendix.

3.2. Data

We use the dataset for Austria provided by the Programme for the International As-
sessment of Adult Competencies (PTAAC) survey conducted by the OECD in 2011/12. It
encompasses 4,810 individual observations, including detailed information about education,
skills, income and family background. After filtering out observations with missing data, our
sample reduces to about 2,200 observations. In terms of the number of observations, it is
smaller than the EU-SILC dataset, used for instance by |Grandner and Gstach| (2015)), or the
Austrian social security data used by Boheim et al|(2013a) but reasonably large to conduct
an empirical analysis. However, we need to keep in mind that estimation at the tails will be
less precise due to a smaller sample size, and caution is needed while forming conclusions,
particularly at the upper tail of the distribution.

Dependent variable in all estimations are log-hourly Wagesﬂ with and without consideration
of bonus payments - we are interested in one potential transmission channel for unexplained
differences, that is, discretionary payments such as bonuses.

Similarly to previous studies, detailed information about personal and job characteristics is

"To see whether the wage distribution of the PIAAC dataset is a representative for the Austrian wage
distribution, we compare the wage data of PIAAC with the wage tax statistics of Statistics Austria (see Figure
|§| in the Appendix)
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provided. The greatest advantage of the new dataset, however, is the possibility of controlling
for various skills required and used at work, which typically are not being controlled for using
other datasets. Unlike, for instance, Garcia et al. (2001) who uses instrumental variables to
control for unobserved skills, we can directly control for skills at workplace, which on the one
hand affect productivity, and on the other might be particularly rewarded by the employer.

We control not only for the skill use at work, but also for proficiency of the individual as
well as skill match. To control for skill use at work, we follow Perry et al.| (2014)) and use the
job requirements approach. The PIAAC questionaire asks participants how often they use
particular skills at work. Given participants’ answers, several indicesﬁ are calculated. Those
indices are then summarized into quintiles, where the 1 stands for the 20 percent with lowest
skill use and 5 for the highest values of skill use at work for a specific skill type. The indices
are derived for several skills that are typically used at work: influencing skills, planning skills,
reading skills, writing skills, numerical skills and ICT skills.

By simply comparing the average indices for males and females, we can see that there
are on averages substantial differences in the skill use between genders. Figure [1| reveals that
especially in numeric skills, but also in most of the other skill use variables, males tend to use
those skills on average more often than females.

Further we can assess matching of skills and job requirements. We use a self-reported
variable of skills’ utilization specific to the Austrian edition of the PIAAC survey, which
asks participants to assess utilization of their skills and knowledge, and the answer can vary

between "not at all” and "to a very high extent”.

8The mean score and standard errors are standardized with a mean equal to 2 and a standard error equal
to 1 across the OECD countries participating in PIAAC.
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Figure 1: Skill use at work: gender differences
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A second novelty in the Austrian context is use of information on familiar background.
We control for several variables regarding childcare: the number of children and their age,
as well as work time pauses due to childcare. The topic of childcare obligations is of high
relevance in the Austrian context, as women tend to be more involved in childcare duties and
often work part-time or even leave the labor force completely.

Third, we try to take a closer look on job flexibility, which is not often used as an explana-
tory variable due to the lack of data, but in the PIAAC dataset we are provided information
about the flexibility of working hours, which is a good overall measure for the job flexibility
in our opinion. Participants are asked, to what extent they can choose or change working
hours. The answer can again vary between "not at all” and ”to a very high extent”.

As a benchmark case, we first estimate the gender gap using a similar set of control vari-
ables as Boheim et al.| (2013a)), without additional control for individual skills, to make sure
that the findings derived from the new dataset can be compared to previous studies. Subse-
quently, we show how the estimation results change, when we consider skills’ use. Finally, in
the sample-selection model we include personal characteristics affecting the decision to work,
as a result of the reservation wage, and at the same time potentially affecting the wages, such
as childcare, education level, age, migration status etc. For the sample selection model, we
use the whole sample, that is also the observations for which we do not observe the wages
since the person is not working; the overall sample size in this case equals 4,700 observations.

Log-wage distributions for genders are presented in Figure [§]in the Appendix. We can
see that for the hourly wages in total, the wage distribution of males is shifted to the right,
no matter whether we use the whole sample or only those that work full-time. But we can
see, that the differences in the wage distributions between females and males is lower when

we restrict the sample to full-time workers.

4. Results

In this section, we first give an overview of the quantile regression results for men and
women, and determine whether different characteristics have more or less influence on wages

of both genders. Detailed results can be found in the Appendix, whereas for coefficients of
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interest visualization is provided in Figures and {4l In a second step, we take a closer look
on how much of the unexplained part of the gender wage gap is influenced by skills, selection
bias and the bonus payments. In a third step, we take a closer look on whether the gender
wage gap is constant along the income distribution or whether there are differences depending

on the income.

4.1. Wage regression

In this section we want to focus on drivers that influence male and female wages. Quantile
regression results for men and women are shown in Tables [0 and [12]in the Appendix.
The typical variables such as experience and education show, as expected, a significant positive
effect on wages. There seem to be no large differences in the coefficients between both genders
for the typical explanatory variables such as experience and education. Additionally, the wage
is lower, the lower the firm size, which confirms some previous findings. We can see that
especially small firms (one to 10 employees) pay significantly less than the largest companies.
This is also driven by the fact that self-employed (one-person entities) usually experience
lower wages.

The largest differences between men and women emerge, when we take a closer look on
the skills (Figure . Our results indicate a wage premium for planing skills, reading skills
and writing skills for women. Reading skill premium equals about 2 percent along the wage
distribution. For writing and planing skills, the premium equals about 2 percent for the
middle income groups, declining towards zero along with increasing income. Women that
use these skills at work are better paid than those who use other skills. Numerical skills,
for example, only show positive effects at the upper end of the wage distribution for women.
This is in strong contrast to male-based skill premiums where especially numerical skills (2
percent) and ICT skills (between 2 and 4 percent) have a positive influence on the wage.

In general, Figure 2] shows substantial differences in returns to specific skills between men
and women. While use of writing, reading and planing skills at work shows positive returns
for women, there are no or even negative returns for men. On the other hand, numerical skills

and influencing skills show high returns for males, while for females returns are about zero.
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Figure 2: Wage regression coefficients for skills
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Positive returns for both males and females can be found with respect to ICT skills; still, the

premium for males (2 to 4 percent) is larger than those for females (0 to 2 percent).

Skill utilization also has a positive influence on wages of female workers (Figure |3)). Using
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the skills to a very high extent leads to a wage premium.

In the middle of the income

distribution, a low skill match leads to 22 percent lower wage compared to a high skill match.



Figure 3: Wage regression coefficients for skills’ utilization
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In general, there are no large differences in returns to skill match between male and female
workers.

Work flexibility shows opposite signs for women and men (Figure [4). While for males,
flexible jobs are rewarded (no flexibility leads to a wage decrease of about 10 percent, especially
for middle and high incomes compared to high flexibility), for women jobs that are less flexible
pay more than those that offer flexible working hours (no flexibility increases the wage by
almost 10 percent compared to high flexibility for low and middle incomes part of the income
distribution). This fact, jointly with the skill premiums, suggest that, job flexibility for
females has a different form than for males. Women might typically work in jobs requiring
office-based skills such as reading and planning, and are not associated with flexible working
hours. It seems that, these kinds of occupations are generally less rewarded compared to ICT

and managerial positions, even considering for similar educational backgrounds. This result
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Figure 4: Wage regression coefficients for job flexibility
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is in line with .

Children seem to have a negative effect on wages for women, but only in the middle of
the income distribution, this negative impact is significant. This is likely associated with
age, as younger females experience lower wages resulting from career breaks due to Austrian
seniority wages, whereas at the very top of the distribution, children will typically be already
grown up. On the other hand, there seems to be a child bonus for men, especially for low

and middle income earners, although the coefficients are not significant.

4.2. Selection equation

In Table [§| in the Appendix, we report the results of the selection equations, where the
dependent variable is a dummy for working. Panel (a) presents the results of a probit re-
gression and panel (b) refers to the single-index estimation, which is subsequently used to

calculate the Mill’s ratios for the wage equations. We can observe, that age is a significant
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predictor of being employed, probability of which increases along with age for both genders.
The squared term is insignificanly different from zero in the single-index model. Employment
status of a partner is relevant for both genders, with significantly negative impact on working
if the partner is retired, despite controlling for age. A significant predictor of not working
is disability of a partner, although only for males. Similarly, unemployment of a partner is
a signficant predictor of lower probability of working for males, which suggests clustering of
households, with both partners being either uneployed or staying out of the labor force.

As for the variables which enter both the selection and the wage equation, consistently
with our predicitons and previous studies (Picchio and Mussida [2011), women are working
less often if they have children. Unlike the case of Italy analyzed by (Picchio and Mussida
2011)), however, lower labor market participation of women persists for a longer time-span,
that is also for the cases of children between 6 and 12. This is to a large extent explained
by a generally conservative view of the society on the role of females and little cultural
acceptance for working mothersﬂ Additionally, women of Turkish origin work less than other
nationalities. Finally, controlling for nationalities, first generation migrants work more than
Austrian-born persons, which is understandable in the context of labor migrations within the
European Union, as well as the laws governing permission to settle in a country for foreigners,

which are generally dependent on employment.

4.3. The Gender Wage Gap

In the first part, we compare the results of our study with previous specifications, to show
whether using the same set of controls, the wage differences have been changing since [Boheim
et al.| (2013a), who use data from the year 2007. We report decomposition results from the

male-based estimationg0]

9Compare with European Social Survey (2009) and International Social Survey Programme (2012) data,
which generally show a negative attitude towards working mothers in Austria, compared to other European
countries.

10We do not report the female-based results for space-saving purposes. Full results can be obtained upon
request, and are broadly consistent with findings of Boheim et al.| (2013a)) and other literature, i.e. show higher
unexplained gender gaps compared to male-based results.

22



Table 3: Benchmark model (in %) - effects of coefficients - hourly wages without bonus payments

Male-based
Quantile Effect Functional 95% LB Functional 95% UB
1 6.33 -4.70 17.38
2 8.60 0.71 16.49
3 10.08 3.16 17.00
4 10.97 4.25 17.69
5 11.01 4.35 17.67
6 11.12 4.39 17.85
7 11.33 4.62 18.03
8 12.78 5.91 19.66
9 15.00 5.75 24.25
Test KS p-val CMR p-val
Correct Model 0 0.32 0.15
Correct Model 1 0.30 0.06
Differences
QE(T) = QE(0.5)VT 0.04 0.18
Characteristics
QE(T) = QE(0.5)VT 0.65 0.47
Coefficients
QE(r) = QE(0.5)vr 0.57 0.48

Boheim et al. (2013a) shows that the unexplained gender wage gap is on average 13
percent. Using a similar model as a benchmark, our data suggests an unexplained gender
wage gap between 6 and 15 percent along the wage distribution. In the middle of the wage
distribution, our data reveals a unexplained gap of approximately 11 percent, indicating that
our data would suggest a similar but slightly lower gender wage gaﬂ

The low level of the unexplained gender wage gap at the lower tail of the distribution is
consistent with the fact that low income earners in Austria are usually covered by collective
bargaining rules. These laws are typically gender-neutral and do not allow for discrimination.
Therefore, the result is not surprising, however, as mentioned above, it might also indicate that
selection to working is in place, a question which we will approach later on. The unexplained
part of the gender wage gap increases along the wage distribution, when we move from

collective to individual bargaining.

"¥Whether the (small) differences between the unexplained parts of the gender wage gap of [Boheim et al.
(2013al) and our calculations result from different times of data collection (2007 vs. 2011/2012), or from general
differences in the data can not be answered with certainty.
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Table 4: Skills model (in %) - effects of coefficients - hourly wages without bonus payments

Male-based
Quantile Effect Functional 95% LB Functional 95% UB
1 2.61 -9.43 14.66
2 4.34 -3.88 12.57
3 5.74 -1.81 13.31
4 6.93 -0.44 14.30
5 7.29 0.19 14.39
6 7.96 1.07 14.85
7 8.47 1.71 15.23
8 9.19 2.26 16.13
9 10.81 2.18 19.44
Test KS p-val CMR p-val
Correct Model 0 0.53 0.57
Correct Model 1 0.46 0.31
Differences
QE(T) = QE(0.5)VT 0.02 0.00
Characteristics
QE(T) = QE(0.5)VT 0.20 0.19
Coefficients
QE(r) = QE(0.5)vr 0.63 0.40

4.8.1. Results including skills and skills-matching

In the second step, we add skills, skills utilization and work flexibility to our estimations.
Figure [p| shows, that especially in the middle and upper parts of the distribution we can
explain a larger part of the wage gap simply by adding these characteristics to our model.

We can see, that especially in the middle part of the distribution, the unexplained part
of the gender wage gap lies much lower than in Table [3] indicating that the skill and skill-
matching characteristics differ to a great extent between men and women. Compared to
11% at the median for the benchmark case, the unexplained part reduces to 7.29% for the
skills’ model. That already shows the vast influence of skills and skill match wage differences
between men and women, a result which we have already observed while looking at the wage
regressions.

Analyzing the unexplained part of the gender wage gap (blue dashed line in Figure [5)), we
see, that especially in the lower part of the distribution, the unexplained part becomes close

to zero, but it still increases along with increasing incomes.

4.3.2. Sample-selection correction
Figure [6] shows the results of the decomposition along the wage distribution when we

correct for sample selection. KEspecially in the lower part of the distribution, we can see a
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Figure 5: Wage differences (without bonus payments) considering skills
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substantial decrease in the explained part of the the gender wage gap (red line) compared
to the results without the sample selection correction (see Figure . As expected, sample
selection is of particular relevance for lower incomes.

The sample selection bias is especially high at the lower end of the distribution, where the
unexplained GWG increases from 2.63 percent to 4.04 percent (see table . In the middle
of the income distribution, the selection bias becomes smaller and tends towards zero while
moving further up in the wage distribution. This is in line with the finding, that especially

low productive female tend to stay out of the workforce.

4.8.83. Bonus payments

In the next step, we will take a closer look on the bonus payments in our preferred
specification, which is the one where we add skills and control for sample selection. Figure
shows the decomposition results along the wage distribution.

We can see that the wage gap (blue line) gets larger, especially in the upper part of the

distribution. Since bonuses are typically paid to workers in higher positions, who are also
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Table 5: Skills and sample selection model (in %) - effects of coefficients - hourly wages without bonus payments

.25

.15

.05

Male-based
Quantile Effect Functional 95% LB Functional 95% UB
1 4.04 -9.60 17.68
2 5.42 -4.99 15.84
3 6.77 -2.15 15.69
4 7.01 -1.42 15.46
5 7.10 -1.39 15.60
6 7.76 -0.89 16.43
7 8.53 -0.31 17.37
8 8.75 -0.06 18.17
9 10.75 0.06 22.12
Test KS p-val CMR p-val
Correct Model 0 0.38 0.41
Correct Model 1 0.48 0.31
Differences
QE(r) = QE(0.5)vr 0.05 0.05
Characteristics
QE(T) = QE(0.5)VT 0.30 0.36
Coeflicients
QE(T) = QE(0.5)VT 0.77 0.71

Figure 6: Wage differences (without bonus payments) with sample selection
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Table 6: Skills and sample selection model (in %) - effects of coefficients - hourly wages with bonus payments

Male-based
Quantile Effect Functional 95% LB Functional 95% UB
1 2.54 -10.61 15.70
2 4.92 -4.43 14.29
3 6.62 -1.89 15.15
4 6.71 -1.69 15.10
5 7.06 -1.22 15.35
6 8.42 0.78 16.05
7 9.36 1.62 17.10
8 10.26 2.74 17.77
9 13.43 3.42 23.43
Test KS p-val CMR p-val
Correct Model 0 0.29 0.23
Correct Model 1 0.13 0.26
Differences
QE(T) = QE(0.5)VT 0.01 0.01
Characteristics
QE(T) = QE(0.5)VT 0.18 0.19
Coefficients
QE(r) = QE(0.5)vr 0.51 0.36

better paid in general, this seems to be straightforward. However, we can also see that the
unexplained part of the wage gap increases in the upper part of the distribution (compared to
Figure @ Whether this is due to discrimination, individual bargaining process for bonuses,

or, for instance, due to risk-aversion or cultural reasons cannot be answered with certainty.

4.4. The unexplained part of the gender gap - comparison

In this section, we compare our results with those of Boheim et al.| (2013b)). As a bench-
mark for our decomposition, we use a similar specification as Boheim et al| (2013b). We
compare these results with a specification in which we add job-specific skill variables, as well
as the skill-matching variable.

Boheim et al.| (2013b]) found a (male-based) unexplained gender wage gap of 15.2 percent
in 2002, which decreased to 13.2 percent in 2007. Our results, which are summarized in Table
show that the unexplained gender wage gap in 2012 is close to 11 percent in the middle
of the wage distribution, when we use a similar specification. The slightly lower value does
not necessarily mean the unexpained gender wag gap has narrowed during this period. The
slight difference can also stem from different methodology, as well as different data that is
used. Still, the results are quite similar.

The unexplained part of the gender wage gap is increasing along the wage distribution,
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Figure 7: Wage differences with bonus payments and sample selection
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Table 7: Overview of the unexplained differences (in %) - hourly wages without bonus payments

Male-based
Quantile Benchmark Skills Skills and sample selection
1 6.33 2.61 4.04
2 8.60 4.34 5.42
3 10.08 5.74 6.77
4 10.97 6.93 7.01
5 11.01 7.29 7.10
6 11.12 7.96 7.76
7 11.33 8.47 8.53
8 12.78 9.19 8.75
9 15.00 10.81 10.75
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no matter which specification we use. Therefore, our findings are in contrast to |Grandner
and Gstach| (2015]), who argue that the unexplained part of the gender wage gap in Austria is
stable over the wage distribution, with a slight exception on the lower tail of the distribution.
On the other hand, our results are in line with |Boheim et al. (2013a)) and |Grinberger et al.
(2009).

When we add the skill variables to our specification, the unexplained part of the gender
wage gap decreases significantly. The new specification reduces the unexplained part by
almost 4 percentage points along the distribution. In the lower part of the distribution, the
unexplained part is cut to half (compared to the benchmark specification) by adding skills.
In the upper part of the wage distribution, more than 25 percent of the unexplained part of
the gender wage gap (in the benchmark scenario) can be explained by skills. The unexplained
part of the gender wage gap in the middle of the wage distribution is lowered from 11 to 7.3
percent by adding skills in the specification.

As the results in Columns (1) and (2) of Table[7]show, skills play a crucial role in explaining
a large part of the gender wage gap. Still, we need to account for self-selection, since it is
reasonable to assume that, many less productive women drop out of the labor force, leading
to biased results in our model.

In the third specification we account for the self-selection problem. It turns out, that the
self-selection biases our results especially in the lower part of the wage distribution, while
in the middle and upper parts of the wage distribution, the effect disappears. Still, one can
see that the self selection problem is not only a problem at the very lower tale of the wage
distribution. Nevertheless, even considering for selection, the model with skills explains about

3 to 4 percentage points more of the gender gap than the benchmark specification.

5. Summary and conclusions

Our paper analyzed the gender wage gap for Austria along the wage distribution. We
use a quantile regression approach and combine with a decomposition method that follows
Chernozhukov et al.| (2013)). Additionally, we account for the self-selection problem following
Buchinsky| (1998) and Buchinsky| (2002).
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Our results are in line with [Boheim et al.| (2013b), who show that the unexplained wage
gap in Austria is approximately 13 percent in 2007. When we use our data with a similar
specification, our results remain fairly close to this result in 2011. However, as a novelty of this
work, we use data of the Programme for the International Assessment of Adult Competencies
(PIAAC) survey conducted by the OECD in 2011/12. This allows us to control for skill-use
at work, as well as for skill-match, which are often argued to affect the wages even within the
same occupations.

Adding these variables to the wage regressions for males and females already shows some
interesting insights. When we take a closer look on female skill use, we can see that there is a
wage premium for planing skills, reading skills and writing skills. Numerical skills only show
positive effects at the upper end of the wage distribution. This is in strong contrast to the
male-based skill premium where numerical skills and ICT skills have a positive influence on
the wage. Skill match has positive influence on wages for both genders.

When we add the skill variables to our model, the unexplained part of the gender wage
gap decreases by almost 4 percentage points all along the wage distribution. Our results show
that in the lower part of the wage distribution more than 70% of the gender wage gap can
be explained by different characteristics and is, therefore, due to ”fair” discrimination. The
unexplained part is less than 3 percent in the lower part of the distribution. When we move
up along the wage distribution, the percentage of the explained gender wage gap is decreasing
to less than 60 percent in the top quantile of the wage distribution. The unexplained gap at
the upper end is about 11%.

The low unexplained part of the gender wage gap in the lower part of the income dis-
tribution is mostly due to the fact that most employees are covered by collective minimum
wages and collective bargaining, which do not allow for gender discrimination. When we move
further up in the wage distribution, the collective bargaining moves to individual bargaining.
So it seems that individual bargaining has a substantial impact on the differences in wages
between men and women. As we show, this also seems to hold true when it comes to bonus
payments. Whether this is due to differences in individual bargaining behaviour or purely to

discrimination cannot be answered within our methodology.
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Controlling for sample selection is an important question, when we want to state the size
of the unexplained gender wage gap, particularly at the lower end of the wage distribution.
Our results show that, as expected, the self-selection problem is especially important for low-
income earners. For middle-wage earners, the effects are small and not significant. At the
upper end of the wage distribution the effect seems to disappear. In general the effect of self
selection is small in size - approximately 1.5 percentage points for low income earners, but
not deniable.

Many works analyzing the gender wage gap conclude that the unexplained part is de-
creasing over time. This is good news, but we would argue, that this is only half of the good
news. We found that additional information on the job and workers’ characteristics (which
are often difficult to measure) such as skill-use or skill-match, reduce the unexplained gender
wage gap even further, and suggests that part of the decrease over time can be attributed
to better data access and more sophisticated econometric techniques. This does not mean,
that there is no discrimination between men and women on the labor market, as is argued by
many papers that question the possibility of capturing all individual characteristics. But it
means that we might be closer to the absence of labor-market discrimination than we thought

before, especially with regard to low-wage earners.

31



References

Angelov, N., P. Johansson, and E. Lindahl (2013). Is the persistent gender gap in income and

wages due to unequal family responsibilities?

Arellano, M. and S. Bonhomme (2017). Quantile selection models with an application to

understanding changes in wage inequality. Econometrica 85(1), 1-28.

Autor, D. H. and M. J. Handel (2013). Putting tasks to the test: Human capital, job tasks,

and wages. Journal of Labor Economics 31(S1), S59-S96.

Black, S. E. and A. Spitz-Oener (2010). Explaining women’s success: technological change
and the skill content of women’s work. The Review of Economics and Statistics 92(1),

187-194.

Blau, F. D., P. Brummund, and A. Y.-H. Liu (2013). Trends in occupational segregation by
gender 1970-2009: Adjusting for the impact of changes in the occupational coding system.
Demography 50(2), 471-492.

Blau, F. D. and L. M. Kahn (2000). Gender differences in pay. Technical report, National

bureau of economic research.

Blau, F. D. and L. M. Kahn (2016). The gender wage gap: Extent, trends, and explanations.

Technical report, National Bureau of Economic Research.

Blinder, A. S. (1973). Wage discrimination: reduced form and structural estimates. Journal

of Human resources, 436—455.

Boheim, R., K. Himpele, H. Mahringer, and C. Zulehner (2013a). The distribution of the gen-
der wage gap in Austria: evidence from matched employer-employee data and tax records.

Journal for Labour Market Research 46(1), 19-34.

Boheim, R., K. Himpele, H. Mahringer, and C. Zulehner (2013b). The gender wage gap in

Austria: eppur si muove! Empirica 40(4), 585—606.

32



Boheim, R., H. Hofer, and C. Zulehner (2005). Wage differences between men and women in

Austria: Evidence from 1983 and 1997.

Boheim, R., H. Hofer, and C. Zulehner (2007). Wage differences between Austrian men and

women: semper idem? Empirica 34(3), 213-229.

Boll, C., J. Leppin, A. Rossen, and A. Wolf (2016). Magnitude and impact factors of the gen-
der pay gap in eu countries. Report prepared for and financed by the European Commission—

Directorate-General for Justice, European Union (ed.).

Boll, C. and J. S. Leppin (2015). Die geschlechtsspezifische lohnliicke in deutschland: Umfang,

ursachen und interpretation. Wirtschaftsdienst 95(4), 249-254.

Buchinsky, M. (1998). Recent advances in quantile regression models: a practical guideline

for empirical research. Journal of human resources, 88—126.

Buchinsky, M. (2002). Quantile regression with sample selection: Estimating women’s return
to education in the US. In FEconomic Applications of Quantile Regression, pp. 87—113.

Springer.

Chernozhukov, V., I. Ferndndez-Val, and B. Melly (2013). Inference on counterfactual distri-

butions. Econometrica 81(6), 2205-2268.

Depalo, D., R. Giordano, and E. Papapetrou (2015). Public—private wage differentials in euro-
area countries: evidence from quantile decomposition analysis. Empirical Economics 49(3),

985-1015.

Fortin, N., T. Lemieux, and S. Firpo (2011). Decomposition methods in economics. Handbook

of labor economics 4, 1-102.

Garcia, J., P. J. Herndndez, and A. Lopez-Nicolas (2001). How wide is the gap? an inves-
tigation of gender wage differences using quantile regression. Empirical economics 26(1),

149-167.

Goldin, C. (2014). A grand gender convergence: Its last chapter. The American Economic
Review 104(4), 1091-1119.

33



Grandner, T. and D. Gstach (2015). Decomposing wage discrimination in Germany and

Austria with counterfactual densities. Empirica 42(1), 49-76.

Griinberger, K., C. Zulehner, et al. (2009). Gender-specific wage gaps in Austria. WIFO
Monatsberichte (monthly reports) 82(2), 139-150.

Huber, M. and B. Melly (2015). A test of the conditional independence assumption in sample
selection models. Journal of Applied Econometrics 30(7), 1144-1168. jae.2431.

Klein, R. W. and R. H. Spady (1993). An efficient semiparametric estimator for binary

response models. Fconometrica: Journal of the Econometric Society, 387-421.
Koenker, R. and G. Bassett Jr (1978). Regression quantiles. Econometrica, 33-50.

Kunze, A. (2008). Gender wage gap studies: consistency and decomposition. Empirical

Economics 35(1), 63-76.

Machado, C. (2017). Unobserved selection heterogeneity and the gender wage gap. Journal

of Applied Econometrics, n/a—n/a. jae.2561.

Machado, J. A. and J. Mata (2005). Counterfactual decomposition of changes in wage distri-

butions using quantile regression. Journal of applied Econometrics 20(4), 445-465.
Melly, B. (2006). Estimation of counterfactual distributions using quantile regression.

Meurs, D., A. Pailhé, and S. Ponthieux (2010). Child-related career interruptions and the
gender wage gap in france. Annals of Economics and Statistics/Annales d’Economie et de

Statistique, 15-46.

Oaxaca, R. (1973). Male-female wage differentials in urban labor markets. International

economic review, 693—709.

Perry, A., S. Wiederhold, and D. Ackermann-Piek (2014). How can skill mismatch be mea-
sured? new approaches with PIAAC. Methods, Data, Analyses: A Journal for Quantitative

Methods and Survey Methodology 8(2), 137-174.

34



Picchio, M. and C. Mussida (2011). Gender wage gap: A semi-parametric approach with

sample selection correction. Labour Economics 18(5), 564-578.

Tijdens, K., M. Klaveren, et al. (2012). Frozen in time: Gender pay gap unchanged for 10

years.

Weeden, K. A., Y. Cha, and M. Bucca (2016). Long work hours, part-time work, and trends
in the gender gap in pay, the motherhood wage penalty, and the fatherhood wage premium.

RSF.

Weichselbaumer, D. and R. Winter-Ebmer (2005). A meta-analysis of the international gender

wage gap. Journal of Economic Surveys 19(3), 479-511.

35



Appendix

Figure 8: Log hourly wages without bonus payments: all workers (left panel), full-time workers (right panel)
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Figure 9: Wage dsitribution - PIAAC vs. wage statistics

4 6 8 10 12
log(monthly gross wages)

wage tax statistics 2012
— earnings PIAAC 2011/2012

Comment: To make the both datasets comparable, we adjust the wage statistics 2012 for age-groups below
65 and include only taxpayers that were employed during the whole year, since PIAAC data is based on
hourly wages, whereas the tax statistics is on a yearly basis. For the PIAAC data 2011/2012, we leave out
self-employed, who are not included in the tax statistics.
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Table 8: Selection equation, dependent variable: Working or not working; probit and single index

(a) Probit
Male Female
Children Normalized to 1
ChildCare 0.00 -1.91%**
(.) (-6.15)
2 or younger -0.45* -1.53%**
(-1.65) (-8.94)
aged 3 to 5 0.00 -1.47Hx*
(.) (-7.93)
aged 6 to 12 -0.46* -1.70***
(-1.88) (-9.84)
ISCED 1 -0.35%F -0.367F
(-1.96) (-2.21)
ISCED 2 0.21 -0.19
(1.32) (-1.22)
ISCED 3 0.27 -0.09
(1.31) (-0.56)
ISCED 4 -0.29* -0.25
(-1.65) (-1.46)
ISCED 5+6 0.19 0.05
(1.01) (0.25)
Austrian -2.18%F -4.467FF
(-2.48) (-5.40)
German -2.07** -5.11%**
(-2.15) (-5.75)
Serbian -2.81%** -3.78%**
(-2.93) (-3.72)
Turkish -2.73%** -6.06***
(-2.88) (-6.63)
Bosnian -2.85%** -5.12%**
(-2.86) (-5.76)
Born in country 0.39 0.57
(0.52) (0.82)
Parents born in country 0.03 -0.08
(0.16) (-0.40)
1st generation migrant 0.28 0.48
(0.35) (0.66)
Age 0.197%% 0.307FF
(8.31) (12.42)
Age sq. -0.00*** -0.00***
(-9.74) (-13.56)
Living with partner 0.32 -0.19
(0.67) (-0.38)
Empl. status of partner
Full-time employed 0.22 0.44
(0.47) (0.90)
Part-time employed 0.27 0.42
(0.55) (0.77)
Unemployed -0.66 0.03
(-1.20) (0.05)
Pupil, student -0.13 -0.57
(-0.24) (-1.00)
Apprentice, internship 0.00 -0.04
(.) (-0.04)
Retired -0.62 -0.12
(-1.26) (-0.24)
Disabled -1.47%* 0.08
(-2.25) (0.12)
Domestic tasks -0.23 -0.22
(-0.47) (-0.34)
Number living in household
1
2 -0.26 0.38**
(-1.28) (2.29)
3 -0.28 0.33**
(-1.42) (2.03)
4 -0.14 0.31*
(-0.70) (1.95)
5 or more -0.06 0.24
(-0.27) (1.28)
Observations 1749 1944

Significance * 0.1, ** 0.05, *** 0.01

t-Statistics in brackets.

(b) Single Index

Male Female
Children Normalized to 1
ChildCare 0.04 -0.51%**
(0.25) (5.34)
2 or younger 0.07 -0.10
(0.98) (1.46)
aged 3 to 5 0.15 -0.18**
(1.47) (2.47)
aged 6 to 12 0.00 -0.16™*
(0.05) (2.34)
ISCED 1 -0.11% -0.05
(1.67) (0.70)
ISCED 2 0.01 -0.04
(0.19) (0.63)
ISCED 3 0.02 -0.07
(0.34) (1.25)
ISCED 4 -0.12** -0.02
(2.22) (0.27)
ISCED 5-6 0.06 0.01
(1.01) (0.12)
Austrian 0.06 0.08
(0.85) (1.09)
German 0.11 -0.01
(1.16) (0.09)
Serbian -0.03 0.19
(0.29) (1.50)
Turkish -0.03 -0.19*
(0.35) (1.95)
Bosnian -0.05 -0.09
(0.50) (1.02)
Born in country 0.12 0.11
(1.30) (1.22)
Parents born in country -0.09 -0.02
(1.62) (0.28)
1st generation migrant 0.10* 0.11*%*
(1.90) (1.97)
Age 0.06 % 0.07%%%F
(3.90) (4.35)
Age sq. 0.00 0.00
(0.75) (0.82)
Living with partner 0.09 -0.04
(0.78) (0.34)
Empl. status of partner
Full-time employed -0.02 0.03
(0.35) (0.66)
Part-time employed 0.00 0.14
(0.08) (1.39)
Unemployed -0.20** 0.10
(2.42) (1.24)
Pupil, student -0.07 -0.15
(0.89) (1.58)
Apprentice, internship 0.10 -0.06
(0.41) (0.24)
Retired -0.19%** -0.11**
(3.42) (2.02)
Disabled  -0.43*** 0.07
(4.29) (0.53)
Domestic tasks -0.09* -0.06
(1.64) (0.55)
Number living in household
1
2 -0.04 0.05
(1.05) (1.12)
3 -0.05 0.04
(1.26) (0.82)
4 -0.02 0.06
(0.35) (1.21)
5 or more 0.05 0.08
(0.93) (1.15)
Observations 1749 1944

Significance * 0.1, ** 0.05, *** 0.01

t-Statistics in brackets.
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Table 9: Quantile regressions with skills - hourly wages without bonus payments - results for males

©) ©) ©) @ ©)
10% 25% 50% 75% 90%
Children -0.02 -0.03 -0.03 0.02 0.01
(-0.47) (-0.95) (-0.90) (0.58) (0.21)
Age of children
2 or younger 0.05 0.05 0.04 -0.02 -0.07
(0.90) (1.62) (0.93) (-0.56) (-1.07)
aged 3 to 5 -0.04 0.02 0.08 0.02 0.10
(-0.62) (0.46) (1.38) (0.38) (1.22)
aged 6 to 12 0.04 0.06** 0.03 -0.04 -0.05
(0.76) (2.40) (0.91) (-1.16) (-0.80)
13 or older base
Skills
Learning at work 0.00 -0.00 -0.01 -0.00 -0.01
(0.33) (-0.21) (-0.97) (-0.37) (-0.88)
Readiness to learn 0.01 -0.00 -0.01 -0.01 0.01
(0.51) (-0.57) (-0.72) (-0.66) (0.88)
ICT 0.04** 0.03%** 0.02 0.02** 0.01
(2.20) (3.24) (1.61) (2.45) (0.97)
Influencing 0.01 0.03*** 0.02** 0.03*** 0.03**
(1.16) (4.19) (2.37) (3.10) (2.15)
Numerical 0.02 0.01* 0.02%* 0.03*** 0.02
(1.51) (1.86) (2.29) (3.36) (1.43)
Planning 0.00 -0.01* -0.01 -0.02** -0.01
(0.33) (-1.78) (-1.13) (-2.02) (-0.55)
Reading -0.02 0.01 -0.00 0.00 -0.01
(-1.02) (1.26) (-0.20) (0.41) (-0.63)
Writing 0.01 -0.01 -0.00 -0.00 0.01
(0.84) (-0.81) (-0.19) (-0.23) (0.54)
‘Work flexibility
Not at all 0.02 -0.07*** -0.14%** -0.14%** -0.13**
(0.25) (-3.08) (-4.43) (-4.01) (-2.24)
Very little -0.01 -0.11%** -0.09** -0.07** -0.15**
(-0.21) (-3.18) (-2.11) (-2.15) (-2.43)
To some extent -0.07 -0.04™* -0.08%** -0.03 -0.13**
(-1.53) (-2.06) (-2.69) (-1.05) (-2.29)
To a high extent -0.01 -0.06™** -0.08™** -0.04 -0.10
(-0.31) (-2.63) (-2.49) (-1.31) (-1.57)
To a very high extent base
Education
ISCED 1 base
ISCED 2 0.07 -0.02 -0.02 -0.01 0.01
(1.41) (-0.69) (-0.72) (-0.51) (0.26)
ISCED 3 0.07 0.04 -0.01 -0.02 -0.02
0.72) (1.09) (-0.24) (-0.64) (-0.55)
ISCED 4 0.23%** 0.08** 0.07* 0.08*** 0.16%**
(3.64) (2.31) (1.94) (2.99) (3.55)
ISCED 546 0.23%** 0.12%** 0.12%** 0.21%** 0.21%**
(3.06) (3.05) (2.81) (5.31) (3.77)
Work Experience 0.057F% 0.03%*% 0.03%F% 0.02%FF 0.017%
(6.89) (11.25) (7.35) (6.77) (2.11)
Work Experience sq. -0.00*** -0.00*** -0.00*** -0.00*** -0.00
(-5.05) (-6.52) (-4.28) (-3.56) (-0.29)
On the job training
Yes 0.07** 0.01 0.01 -0.02 -0.06*
(2.09) (0.47) (0.72) (-1.15) (-1.80)
No base
Public Sector 0.02 0.06 0.09% 0.00 0.06
(0.22) (1.59) (1.94) (0.06) (0.76)

In all regressions job (ISCO) and industry (NACE) classifications in-
cluded; observations weighted with PIAAC poststratification weights
Significance * 0.1, ** 0.05, *** 0.01, t-Statistics in brackets.
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Table 10: Quantile regressions with skills - hourly wages without bonus payments - results for males cont’d

©) ©) ©) ©) ©)
10% 25% 50% 75% 90%
Job status
White-collar 0.23** 0.14*** 0.21%** 0.10 0.10
(2.13) (2.77) (3.45) (1.48) (0.99)
Blue-collar 0.12 0.05 0.11* 0.09 0.09
(1.03) (1.03) (1.69) (1.22) (0.80)
Civil Servant 0.22** 0.14*** 0.20*** 0.13** 0.09
(2.11) (3.14) (3.16) (2.06) (0.99)
Contracted Public Servant base
Firm size
1 to 10 people -0.25™** -0.26™** -0.24*** -0.21%** -0.21%**
(-2.67) (-6.30) (-5.41) (-4.41) (-2.70)
11 to 50 people -0.07 -0.13%** -0.15%*** -0.14%** -0.22%**
(-0.77) (-4.96) (-4.25) (-3.37) (-3.15)
51 to 250 people -0.01 -0.07*** -0.13*** -0.10** -0.12**
(-0.15) (-2.79) (-3.32) (-2.21) (-1.99)
251 to 1000 people 0.01 -0.02 -0.04 -0.04 -0.07
(0.07) (-0.59) (-0.97) (-0.78) (-1.12)
more than 1000 people base
Skills utilization
None -0.14 -0.17 -0.18 -0.06 -0.06
(-0.84) (-1.58) (-0.66) (-0.75) (-0.14)
Very little -0.04 -0.07 -0.08 -0.00 0.00
(-0.51) (-1.49) (-1.33) (-0.02) (0.01)
Moderate -0.06 -0.07*** 0.07** 0.01 -0.07
(-1.21) (-3.15) (-2.49) (0.17) (-1.22)
High -0.08** -0.05*** -0.06** -0.07*** -0.09**
(-1.99) (-2.95) (-2.45) (-2.82) (-2.02)
Very high base
Citizenship & Background
Austrian -0.16 -0.19%** -0.19 -0.05 0.25
(-1.14) (-3.10) (-1.48) (-0.64) (1.50)
German 0.02 -0.10 -0.09 0.03 0.15
(0.12) (-1.07) (-0.73) (0.13) (0.93)
Serbian -0.16 -0.11 -0.18 -0.00 0.43
) (-0.40) (-0.68) (-0.02) (1.18)
Turkish -0.18 -0.10 0.08 0.08 0.11
(-0.45) (-0.19) (0.18) (0.29) (0.16)
Bosnian 0.01 -0.04 -0.24 -0.00 -0.21
(0.01) (-0.08) (-1.00) (-0.03) (-0.22)
Other base
Parents born in country 0.06 0.13*** 0.04 -0.02 -0.02
(0.29) (3.30) (0.60) (-0.36) (-0.14)
1st generation migrant -0.04 -0.21 -0.14 0.10 0.55
(-0.01) (-0.94) (-1.05) (0.07) (1.54)
Born in country 0.07 0.13 0.04 0.14 0.38
(0.01) (0.66) (.) (0.11) (1.29)
HoursWorked -0.01%*** -0.01%** -0.00*** -0.00%** -0.00*
(-4.04) (-5.77) (-2.70) (-3.34) (-1.75)

In all regressions job (ISCO) and industry (NACE) classifications in-
cluded; observations weighted with PIAAC poststratification weights
Significance * 0.1, ** 0.05, *** 0.01, t-Statistics in brackets.
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Table 11: Quantile regressions with skills - hourly wages without bonus payments - results for females

©) ©) ©) @ ©)
10% 25% 50% 75% 90%
Children 0.04 -0.02 -0.06™F* -0.01 -0.03
(0.63) (-0.89) (-2.86) (-0.32) (-0.60)
Age of children
2 or younger -0.05 -0.00 -0.02 0.00 -0.01
(-0.59) (-0.02) (-0.38) (0.02) (-0.13)
aged 3 to 5 0.01 0.06 0.03 0.00 -0.08
(0.10) (1.62) (0.78) (0.13) (-0.98)
aged 6 to 12 -0.09 0.00 0.02 -0.03 -0.05
(-1.18) (0.11) (0.50) (-1.11) (-0.97)
13 or older base
Skills
Learning at work -0.02 -0.02%** -0.02%** -0.00 -0.01
(-1.16) (-2.93) (-3.09) (-0.43) (-0.75)
Readiness to learn -0.01 -0.03™** -0.01 0.00 -0.00
(-0.33) (-3.49) (-1.47) (0.36) (-0.05)
ICT 0.03 0.01 0.01 0.01 0.01
(1.29) (1.29) (1.30) (1.34) (0.75)
Influencing -0.00 -0.01 0.01 -0.01 0.00
(-0.23) (-0.77) (1.34) (-0.73) (0.11)
Numerical -0.01 -0.00 0.01 0.00 0.03**
(-0.64) (-0.29) (1.32) (0.30) (2.32)
Planning -0.01 0.02** 0.02%** 0.01 -0.00
(-0.60) (2.49) (2.60) (1.06) (-0.01)
Reading 0.02 0.03** 0.02* 0.03*** 0.05***
(0.69) (2.57) (1.93) (3.37) (2.73)
Writing 0.03 0.02** 0.01* 0.00 -0.01
(1.61) (2.12) (1.94) (0.42) (-0.41)
‘Work flexibility
Not at all 0.07 0.08** 0.04 0.00 0.11*%*
(0.87) (2.37) (1.48) (0.16) (1.99)
Very little 0.07 0.06* 0.07** 0.03 0.06
(0.84) (1.77) (2.16) (1.12) (0.97)
To some extent 0.07 0.06** 0.04* -0.02 -0.00
(1.03) (2.03) (1.81) (-0.66) (-0.06)
To a high extent 0.02 0.06 0.04 0.00 0.07
(0.29) (1.64) (1.45) (0.09) (1.22)
To a very high extent base
Education
ISCED 1 base
ISCED 2 0.02 -0.06 -0.08™** -0.04 -0.06
(0.32) (-1.27) (-3.04) (-1.17) (-0.83)
ISCED 3 0.04 -0.02 -0.05* 0.01 -0.03
(0.88) (-0.53) (-1.82) (0.38) (-0.56)
ISCED 4 0.06 0.02 -0.01 -0.03 -0.08
(1.03) (0.57) (-0.51) (-1.00) (-1.38)
ISCED 5+6 0.24*** 0.12%* 0.09*** 0.11%** 0.09
(4.39) (2.51) (3.07) (2.66) (1.49)
‘Work Experience 0.047%% 0.037%% 0.03%%% 0.02%FF 0.027%%
(4.42) (6.80) (9.77) (5.24) (3.54)
Work Experience sq. -0.00%** -0.00™** -0.00™** -0.00* -0.00*
(-3.31) (-4.20) (-4.98) (-1.74) (-1.76)
On the job training
Yes 0.04 0.03 -0.02 -0.03* -0.04
(0.99) (1.40) (-1.16) (-1.86) (-1.00)
Public Sector 0.08 0.01 0.06™F 0.01 -0.01
(0.87) (0.47) (1.97) (0.19) (-0.08)

In all regressions job (ISCO) and industry (NACE) classifications in-
cluded; observations weighted with PIAAC poststratification weights
Significance * 0.1, ** 0.05, *** 0.01, t-Statistics in brackets.
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Table 12: Quantile regressions with skills - hourly wages without bonus payments - results for females cont’d

©) ©) ©) ©) ©)

10% 25% 50% 75% 90%
Job status

White-collar 0.10 0.07 0.07** 0.03 0.06
(1.15) (1.42) (2.27) (0.86) (0.89)

Blue-collar 0.07 -0.02 0.03 0.00 0.04
(0.61) (-0.22) (0.62) (0.05) (0.28)

Civil Servant 0.22%* 0.19*** 0.10%** 0.01 0.09
(2.51) (4.12) (3.45) (0.29) (1.42)

Contracted Public Servant base

Firm size

1 to 10 people -0.18 -0.15%** -0.11*%* -0.14%** -0.14*
(-1.59) (-4.09) (-2.52) (-3.62) (-1.90)
11 to 50 people -0.06 -0.06™ -0.05 -0.09** -0.08
(-0.54) (-1.88) (-1.13) (-2.53) (-1.05)
51 to 250 people -0.06 -0.07** -0.08™ -0.08™* -0.03
(-0.59) (-2.19) (-1.84) (-2.28) (-0.35)
251 to 1000 people 0.09 0.01 0.02 -0.02 -0.02
(0.86) (0.36) (0.36) (-0.49) (-0.31)
more than 1000 people base

Skills utilization

None -0.06 -0.27 -0.22 0.09 -0.13
(-0.09) (-1.46) (-1.18) (0.35) (-0.23)
Very little -0.02 -0.04 -0.14%** -0.13** -0.06
(-0.11) (-0.49) (-3.06) (-2.08) (-0.54)
Moderate 0.01 -0.04* -0.04 -0.02 -0.04
(0.20) (-1.80) (-1.64) (-0.71) (-0.82)
High 0.04 -0.05** -0.05** -0.02 -0.05
(0.76) (-2.32) (-2.26) (-0.82) (-0.93)
Very high base
Citizenship & Background
Austrian -0.15 -0.07 -0.11 -0.15 -0.18
(-0.81) (-0.47) (-1.31) (-1.13) (-0.41)
German -0.13 -0.12 -0.07 -0.07 0.00
(-0.69) (-0.61) (-0.54) (-0.69) (0.01)
Serbian 0.13 0.04 -0.16 -0.43 -0.62
(0.05)  (0.17) O 8 O
Turkish 0.14 0.29 0.06 0.10 -0.29
5 8 © O 8
Bosnian 0.44 0.13 -0.04 -0.01 -0.03
(0.55) (0.28) (-0.28) (-0.01) (-0.03)
Other base
Parents born in country 0.13 0.00 -0.06 -0.09* -0.13
(0.64) (0.00) (-1.35) (-1.69) (-0.81)
1st generation migrant -0.02 0.28 0.13 0.20 -0.78
(-0.04) (0.16) (0.23) (0.13) (-1.13)
Born in country 0.10 0.22 0.02 0.11 -0.92
(0.30) (0.12) (0.04) (0.07) (-1.42)
HoursWorked -0.00 -0.00%** -0.01*** -0.01%** -0.01***
(-1.31) (-4.10) (-6.89) (-6.23) (-4.12)

In all regressions job (ISCO) and industry (NACE) classifications in-
cluded; observations weighted with PIAAC poststratification weights
Significance * 0.1, ** 0.05, *** 0.01, t-Statistics in brackets.
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