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Abstract

Methods for estimating the scope of unjustified inequality differ in their sensitivity to address
institutional and structural deficiencies. In the case of gender wage gaps, adjusting ade-
quately for individual characteristics requires prior assessment of several important deficien-
cies, primarily whether a given labor market is characterized by gendered selection into
employment, gendered segmentation and whether these mechanisms differ along the distri-
bution of wages. Given that countries are characterized by differentiated prevalence of
these deficiencies, ranking countries on gender wage gaps is a challenging task. Whether a
country is perceived as more equal than others depends on the interaction between the
method of adjusting gender wage gap for individual characteristics and the prevalence of
these deficiencies. We make the case that this interaction is empirically relevant by compar-
ing the country rankings for the adjusted gender wage gap among 23 EU countries. In this
relatively homogeneous group of countries, the interaction between method and underlying
deficiencies leads to substantial variation in the extent of unjustified inequality. A country
may change its place in the ranking by as much as ten positions—both towards greater
equality and towards greater inequality. We also show that, if explored properly, this variabil-
ity can yield valuable policy insights: changes in the ranking positions across methods
inform on the policy priority of the labor market deficiencies across countries in relative
terms.

1. Introduction

In this paper, we study cross-country rankings of gender inequality. For many aspects of gen-
der inequality, policy debates focus on cross-country rankings. The rankings are obtained by
specialized institutions, who first estimate levels of inequality and subsequently rank countries
on one such measure or construct a composite index of such measures. Utilized for both
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policy-evaluation and policy-making purposes (for Sweden and Switzerland see [1, 2], Bloom-
berg systematically ranks the US states for gender equality [3]), the rankings are used to shape
the public debate, set policy objectives and deploy public funding. Indeed, the debate on gen-
der equality is largely influenced by cross-country rankings, see, for example [4-6]. In particu-
lar, after the World Economic Forum (WEF) published The Global Gender Gap Report in
2018, the US was shamed for ranking 49th in the world on talk-shows and in print [7], Japan
was shamed in the media for ranking the worst among G7 countries [8] and The Philippines
were praised for ranking as the most equal among South-East Asian countries [9]. In a similar
spirit, Forbes pursued with coverage of top-ranked countries, naming a few policies that were
deemed relevant for achieving high levels of gender equality (even though the listed policies
and the structure of the WEF gender equality index were not actually related [10]). In the
European Union, the publication of rankings in gender wage equality based on harmonized
linked employer-employee data every four years attracts coverage from the European Com-
mission, national governments, and media alike.

However, in order to rank the countries, one first has to obtain the measures of inequality,
thus inevitably facing the choice of a proper measure of inequality. In academia, there appears
to be a broad consensus that comparisons of economic outcomes across genders should be
adjusted for differences in the underlying characteristics—a process referred to as decomposi-
tion-even though most of the publicly debated rankings are based on raw differentials. Two
reasons explain the prevalence of raw differentials in the public debate. First, in order to adjust
the gender wage gaps for differences in the underlying characteristics, one requires access to
individual-level data, while most of the global and regional rankings are based on readily avail-
able aggregates. Second, while academics consistently emphasize the paramount relevance of
adjusting the measurement of gaps in outcomes for differences in individual characteristics,
there is no consensus on the choice of the specific decomposition method. Recent decades
have seen a growing proliferation of methods, data sources, and model specifications, reaching
effectively hundreds of potential combinations between data sources, set of control variables,
and decomposition method. As formally discussed by [11], depending on the underlying pro-
cess of wage formation, labor market segmentation, and the causes behind the wage gaps, dif-
ferent estimators perform with varying reliability. For example [12], demonstrate a remarkable
dispersion of gender wage gap estimates for one data source for one country in one year,
obtaining roughly 2500 estimates of the adjusted gender wage gap. The multiplicity of gender
wage gap estimates stems from systematically manipulating control variables and methods,
and the estimates differ by more than 100% of the lowest obtained estimate.

The dispersion between the obtained estimates stems from the fact that each method differs
in its ability to reflect various labor market phenomena-or deficiencies. For example, some
methods operate by design at the mean of the income distribution (such as parametric regres-
sion-based methods), and thus, they do not adequately reflect the scope of unjust inequality if
sticky floors or glass ceilings are important in a given labor market. The problem is all the
more acute for international comparisons because labor market deficiencies can differ across
countries, making specific methods suitable for some countries, but not for the others. For
example [13], demonstrated the substantial differentiation worldwide of the estimated inequal-
ity measures adjusted for differences in individual characteristics: their estimates for 63 coun-
tries range from 8% to as much as 48% of female income (in one given year). However, while
using one method for all the countries makes the estimated wage gaps comparable, it makes
the estimates possibly ill-suited for some countries, undermining the validity of ranking them
according to this measure of inequality. One can extend this argument to any other decompo-
sition method.
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In this paper, we illustrate that country rankings of gender wage inequality differ substan-
tially depending on the methodological choice. We show that a country can change its ranking
by roughly ten places towards greater equality or greater inequality, depending on whether the
underlying decomposition method accounts for selection into full-time employment or not.
These results quantitatively corroborate the concerns about the reliability of cross-country
rankings.

Further, we illustrate that the changes in the gender wage inequality rankings are systemati-
cally related to labor market features. We also show that changes in rankings across specifica-
tions correlate well with the measures of working time flexibility and work-life balance. These
findings illustrate that the cross-country rankings may vary systematically with the interaction
between the method of estimation and the institutional features of the labor markets.

In order to deliver these results, we utilize individual-level data across 23 EU countries. We
purposefully selected data sources harmonized in terms of sample design, questionnaire, and
implementation, in order to limit the role of data idiosyncrasies in cross-country rankings. We
apply the decomposition techniques introduced in prior literature (see [11, 12]) to these data
sets and obtain estimates of adjusted gender wage gaps, to which we refer as measures of unjus-
tified inequality. We subsequently rank countries on those measures and study the links
between rankings, methodological choices, and labor market deficiencies.

The paper is structured as follows. We first discuss state of the art on (gender) wage gaps
measurement and demonstrate the relevance of methodological choices for cross-country
comparisons in section 2. Based on this overview, we describe our data and methods in section
3. The results are reported in section 4. The concluding remarks and policy implications sum-
marize our study.

2. Measuring the wage gaps in the international context

Consider a population consisting of Robinson Crusoe and Friday: the two individuals are
highly differentiated in skills (individual characteristics) and caloric intake (outcome). The dif-
ferences in caloric intake partly stem from relevant and observable skills (e.g., survival skills),
irrelevant and observable skills (e.g., literacy and knowledge of contemporaneous literature),
and policies, which in this simple example are represented by social structure imposed by Cru-
soe on Friday. Raw differences in caloric intake effectively underestimate the scope of inequal-
ity of outcomes in that population. While the measure of caloric intake is objective, it is not
(fully) informative of the extent of unjustified inequality in outcomes. To grasp the unjustified
inequality, one has to account for differences in outcome-relevant characteristics.

As means of motivation, Fig 1 reports the size of the raw gender wage gap (as published reg-
ularly by the Eurostat and used by both media and policymakers to identify the scope of gen-
der-related inequality across the EU member states) and the estimates of adjusted gender wage
gap (AGWG) using the most common decomposition method. If the raw wage gap was indica-
tive of the actual scope of unjust wage inequality, the countries should be located along the
diagonal in Fig 1, which is clearly not the case. The estimated adjusted wage gaps differ by as
much as 20 percentage points from the raw gender wage gap.

2.1. Decomposition methods to uncover unjustified inequality

To account for objective drivers of wage dispersion-as opposed to merely raw inequality-aca-
demic research relies on methods that adjust differences in outcomes for differences in out-
come-relevant characteristics. Following [14] and [15], parametric techniques decompose
observed differences in outcomes (raw wage gaps) into two components: differences in the
underlying characteristics and differences in how these characteristics matter in defining
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Fig 1. Raw vs. adjusted gender wage gaps. Data details described in section 3. The raw wage gap computed as
W, — W, . The adjusted gender wage gap computed from Oaxaca-Blinder decomposition with the following set of

controls: age, education, residence, and marital status. Full set of estimates is discussed in section 4. Estimates obtained
separately for each country. The dotted line represents a 45 degree line.

https://doi.org/10.1371/journal.pone.0241107.9001

outcomes. In the case of gender wage gaps, this is obtained by estimating, at least, two separate
wage regressions. The size of the pay difference can be decomposed into W,,, - W= (X, -
Xp) + Xou(Byn — B°) + Xp(B” — By), where the W,,, — Wystands for the unadjusted (or raw) gender
wage gap (GWG), (X, — X)) represents differences in characteristics between men and
women, and (8,, — 8°) and (8" — By stand for the differences in coefficients related to male and
female (dis)advantages, respectively. The literature refers to this last term as an adjusted gender
wage gap (AGWG).

For a few decades, the literature on the gaps in wages, education, etc.-has been dominated
by a handful of techniques, namely the [14] and [15] decomposition, with the extensions for
functional form proposed by, e.g. [16-20]. These estimates were referred to as adjusted wage
gap, i.e., the wage gap that remains after adjusting for differences in characteristics important
for productivity (such as age, education, industry, occupation, firm characteristics, etc.). The
parametric Oaxaca-Blinder decomposition assumes that in the absence of discrimination, the
disadvantaged group would record earnings according to the advantaged group (counterfac-
tual wage structure, see [14, 15]). In the case of gender, this is equivalent to setting 8* = 3,,..
However, alternative assumptions are possible, affecting the interpretation of the adjusted gap.
If one believes that the advantaged group receives a premium, one can set Bx = ff to be the fair
wage structure [16]. suggested to use simple average of coefficients in both groups, then §* =
0.58,, + 0.5, [20], recommended weighted average, 8" = %menx,, + %womenxf. Studying
the algebraic properties of this estimator [21], demonstrated that the weights should be the
opposite, but this differentiation is less relevant if shares of men and women in the labor mar-
ket are fairly comparable. Finally, for interpretative ease [17], proposed to use the coefficients
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from pooled regression without gender dummy and [22] from pooled regression with a gender
dummy.

Regardless of the assumptions behind the counterfactual wage structure, these methods
share a common feature: they derive the scope of unjust (unexplained by individual character-
istics) wage inequality from parameters estimated at the mean, and hence they provide little
information of inequality at different points of the outcome distribution.

This approach is troubled with weaknesses already acknowledged in the literature. First, if
the analyzed subpopulations of men and women differ by characteristics (e.g., women are bet-
ter educated; or jobs are segregated across genders), the parametric decomposition at the
mean may be meaningless: not a single man or woman could be "similar" to the sample mean.
Second, the parametric regression-based approaches cannot account for the sticky floors or
glass ceilings (e.g., due to differentiated access to top paying positions). Third, if the patterns of
selection into e.g., employment differ across genders, the parametric decompositions assign to
wage mechanisms what is effectively unrelated to wages per se but is related to employment.
All three of these problems may generate a significant bias in the results for wage gaps, and
analogous examples can be established for other outcome measures.

A wide array of new methods addresses one or more of these shortcomings. For example,
the parametric decomposition methods have been extended to allow for selection into employ-
ment a la [23], with specificity of the selection patterns translating directly to the measures of
unjust inequality. There was substantial effort into providing decomposition methods for non-
continuous outcomes (e.g. self-employment, access to public service, health status [24, 25].
There are also many semi-parametric or non-parametric methods, whose major advantage is
that they allow to go beyond the mean and analyze continuous outcomes along their distribu-
tions [26-28]. Again, accounting for selection into employment is a challenge, addressed par-
tially, see [29, 30]. The urge to compare only the comparable implies that a decision needs to
be made about what “comparable” actually means [31]. proposes an exact matching method to
identify “comparable” individuals and then isolate the "incomparable” individuals in both
groups to infer the possible selectivity in the wage process. An alternative approach consists of
reweighing the distribution of one group to replicate the distribution of the other group in
terms of individual characteristics [32].

The literature provides a wide selection of methods to obtain measures of AGWG which
also operate along with the wage distribution rather than simply at the mean [26-28, 32].
While estimating the AGWG with this technique, any parametric decomposition may be
applied for obtaining the parameters of the wage equation, adjusted for the distributional
properties of wages. The methods that rely on the functional form of the estimated wage
regression may lead to issues if the model is misspecified and model parameters are biased.
The literature also provides semi-parametric and non-parametric alternatives to estimate
AGWG. In [32], the counterfactual conditional distribution is obtained via a reweighing pro-
cedure through which the attributes observed among women (men) are given weights such
that the resulting distribution of characteristics resembles that of men (women). Hence, this
technique utilizes information about the similarity of both male and female populations in
terms of underlying characteristics relevant to wages. The non-parametric decomposition pro-
posed by [31] applies exact matching to construct a counterfactual population of women. The
advantages of this decomposition method comprise (a) comparing the comparable because
prior to matching, a common support restriction is applied, and (b) the validity of the esti-
mates does not rest on functional form assumptions. Moreover, differences between workers
inside and outside of the common support are informative of the consequences of
segmentation.
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Despite the exceptional advancement in this field, challenges remain. Ideally, one would
want to compare individuals who are actually "alike" in terms of all relevant characteristics
other than gender. In the case of gender wage gaps, such ideal comparison should include
hours effectively worked, commitment, talent, etc. Unfortunately, many of these characteristics
are not observable or are imperfectly measured, e.g., human capital (cfr. discussion in [11]).
Moreover, one would ideally want the world to exhibit only selected dimensions of inequality:
e.g., gendered employment selection and, additionally, gender gaps in wages. In such a case,
there is a suitable decomposition method for obtaining reliable measures of unjust inequality.
However, with gendered employment selection combined with gender sorting of workers and
gender wage gaps differentiated across the distribution of income-then no single decomposi-
tion method can adequately account for unjust inequality in wages across genders. If, further-
more, we want to obtain ranking of countries on gender wage gaps and countries may differ in
which deficiencies they exhibit and to what extent-then we face a nearly impossible task.

2.2. Ranking unjustified inequality

In international comparisons, one often relies on rankings rather than actual measures. This is
particularly true in the case of gender inequality. Adjusted wage gaps are not intuitive in inter-
pretation, furthermore, wage equality is by far not the only issue raised in public debate: WEF
report includes measures of health issues, access to education, etc.; European Gender Equality
Index (EGEI) and the Social Institutions and Gender Index also includes political freedoms,
experience of violence, etc. (see [33, 34]) Composite indices, which account for many dimen-
sions of inequality, are even less intuitive in interpretation, which implies intensifying use of
rankings for international comparisons. Given this complexity, rankings are developed, e.g.,
across US states [35], or across countries [4-6]. The rankings could be misguiding if they are
based on measures that are suitable for capturing inequality in some countries, but not in oth-
ers (Box 1).

Box 1. An illustrative example

Consider a following stylized example. There are four countries (A, B, C and D). Coun-
try A has equal wages across workers on a given job, but access to jobs is highly seg-
mented across genders: men occupy high paying positions and women occupy low
paying positions. Country B has equal access to jobs, but primary care givers have no
access to institutionalized care. In this country, due to caring, women are considered as
less reliable workers irrespective of their individual abilities (statistical discrimination),
hence wages are unequal across genders for the same job. In the final two countries, car-
ing facilities are available, and labor market is not segmented, but country C is character-
ized by pure taste based discrimination of women, whereas country D is not. For the
sake of simplicity, assume that raw wage differences among workers in these four coun-
tries are roughly equal, so that a ranking based on raw wage differences is not very infor-
mative. Further, assume men and women in these countries have the same distribution
of productivity-relevant characteristics.

» Decomposition methods sensitive to gendered employment selection patterns and
insensitive to whether or not actually similar workers are compared will rank B as the
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most unequal country, subsequently ranking C and A as giving unequal pay for equal
work (i.e. confusing segmentation for unjustified wage inequality).

« Some decomposition methods are both sensitive to gendered selection and adjust for
comparing only similar workers. These methods will rank countries C and A
differently.

« Decomposition methods sensitive to segmentation will rank A as the most unequal,
followed by B, whereas C and D will be considered equal.

Comparing just these three rankings, once their sensitivity to given deficiencies relative
across genders are understood, one can infer the relative relevance of the deficiencies
from the changes in the ranking between A, B, C and D. Exploring differences across
rankings will not be relevant for D, but will be informative to specify the priorities in pol-
icy interventions for the other three countries.

In Fig 2, we portray the same data as in Fig 1, but in the form of rankings rather than actual
measured levels of inequality. Countries like Germany move 14 ranks up towards greater
equality, whereas Poland or Portugal both rank 11 positions lower towards greater inequality
when considering adjusted gender wage gaps rather than raw wage gaps.

Recall that according to Fig 1 in all but two countries, inequality grows when we change the
metric of gender wage gaps from raw to adjusted. However, this increase in inequality is differen-
tial across countries: it does not preserve the ranking of countries. This simple observation implies
that both the differences in characteristics of men and women in the labor market and the scope
for how unequal pay women receive for an equal job differ across European countries. In some
countries, differences in characteristics between men and women are responsible for a relatively
more significant share of the wage gap than in others. In other words, unjust inequality is in fact,
a more pressing problem in some countries (Poland, Portugal) than what could infer by a ranking
based on raw wages. The converse is true for other countries, such as Germany, where a relatively
large part of gender differences are due to objective differences in workers’ characteristics rather
than how these characteristics are unjustly rewarded. Consequently, comparing the rankings on
raw and adjusted gender wage gaps reveals which type of inequality—differences in characteristics
between men and women or differences in how the same characteristics are rewarded—-is more
prevalent in a given country in a comparative (relative) perspective.

Studying Fig 2 reveals that comparing rankings across methods for a given set of countries
can help establish policy priorities. If a ranking position of a country worsens substantially
between the decomposition methods, then this country is relatively more troubled by a defi-
ciency to which a given method (used to obtain measures underlying the rankings) is more
sensitive. As mentioned, higher rankings represent more unjustified inequality.

In the remainder of the paper, we utilize the decomposition methods developed in prior lit-
erature to provide comparable estimates of the adjusted gender wage gaps. We obtain esti-
mates at means and along with the distribution of wages, applying parametric, semi-
parametric, and non-parametric methods. We also vary the set of covariates used in obtaining
the adjusted wages, expanding from a basic set (age, education, residence, and family situation)
to account for gender sorting (across occupations and industries) and firm characteristics. We
subsequently utilize these estimates to rank countries and study these rankings to uncover the
factors that lead to the largest changes in the ranking across countries. Finally, we show how
those changes in rankings are related to the deficiencies of the respective labor markets.
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Fig 2. Changes in the ranking of countries: Raw and adjusted GWG. A lower rank identifies countries with lower
inequality. Ranking based on raw gap measures and adjusted gap estimates, see the note under Fig 1 for details.

https://doi.org/10.1371/journal.pone.0241107.g002
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3. Data and methods

We focus on countries from the European Union (EU), since these countries embarked on
efforts to harmonize policies addressing inequality. Focusing on EU countries has several
advantages over alternative groupings: these countries have a relatively similar level of develop-
ment; they provide harmonized data; their borders are open for labor flows, and they differ in
labor market imperfections affecting selection into employment and wages.

Given differences in data collection and definitions across countries, estimating meaningful
measures of unjustified inequality for international comparisons constitutes a challenge on its
own. Even in the EU, which leads plausibly the most comprehensive effort to harmonize indi-
vidual data, there is no source of earnings database that would permit a comprehensive compar-
ison of wage gaps. We use data from the European Union Survey of Income and Living
Conditions (EU-SILC) covering 23 countries for the year 2013. EU-SILC is a rich source of
information about worker and job characteristics. In addition to individual characteristics (age,
gender, education, marital status and controls for urban density at current location residence) it
has a large number of job-related characteristics: occupation (one digit ISCO), industry (one
digit NACE) and firm-size (under ten workers, 11-49 workers and above 50 workers). More-
over, the database contains workers in all types of companies, be it private or state-owned.
Given this richness, we can estimate the adjusted gender wage gap (AGWG) for various sets of
controls: individual characteristics, augmented by occupation, industry, and firm-size.

Allin all, we study 23 countries, as reported in Table 1, along with the sample sizes. The 23
countries in the study meet the following criteria: they are EU member states at the moment of
survey, they have common reference period for reporting income and labor market status, and
the sample size is large enough. Data for Croatia, Iceland, Norway, Turkey, FYROM, and Swit-
zerland do not meet the first criterion. Data for Ireland fails to meet the second criterion. Data
for Cyprus, Luxembourg and Malta do not meet the third criterion.

To have an objectively comparable metric, we study hourly wages of full-time full-year
employees who hold one job at a time and who did not change jobs within that year (sample
denoted as FTFY). In the most prevalent way to report incomes in EU SILC, individuals report
the total labor income earned in the previous year. Individuals also report the number of
hours typically worked in a week prior to the study. To obtain comparable measures of
income, we need to convert the annual incomes to average hourly rates, which is only possible
in a meaningful way only for full-time full-year employees. First, we cannot use data for part-
time workers, as the period used for reporting hours does not overlap with the period for
reporting income and the actual number of hours worked might vary more than among full
time workers, hence imputing hourly wage would introduce additional sources of variance,
which may be systematically related to gender or other individual characteristics. Second, indi-
viduals do report the number of months worked, but report hours only in the past week.
Hence, for individuals who did not work the full year, there is no data on the total number of
hours. Third, we cannot use the data for workers whose situation changed (e.g., changed jobs,
held a job with different number of hours, etc.). Consequently, we obtain comparable estimates
of the AGWG from the sample of full-time and full-year employees (FTFY). In Table 1, we
report the coverage of this metric across countries.

While the use of FTFY workers may seem like a limitation, it actually serves to identify the
differences in access to employment opportunities. In a country where few women work
FTFY, the adjusted gender wage gaps obtained only for those workers may show relatively
equal wages if the majority of the gender penalty is due to a part-time penalty. In this case, the
institutional features of these labor markets reflect an important aspect of gender inequality,
which is reflected in selection into FTFY employment rather than wages per se, see [36-39].
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Table 1. Data availability per country.

Country N % age 18-65 % employed % one job % FTFY % wage available % complete observations
AT 10940 0.75 0.63 0.60 0.29 0.27 0.24
BE 11711 0.76 0.61 0.60 0.27 0.27 0.24
BG 10880 0.71 0.59 0.59 0.33 0.33 0.27
CH 14034 0.73 0.58 0.53 0.23 0.23 0.21
CY 10988 0.76 0.59 0.58 0.34 0.34 0.28
CZ 16275 0.74 0.62 0.61 0.37 0.37 0.36
DE 22585 0.72 0.66 0.62 0.30 0.30 0.28
DK 10982 0.73 0.63 0.59 0.36 0.36 0.16
EE 12551 0.72 0.62 0.60 0.33 0.33 0.30
ES 26883 0.75 0.56 0.56 0.24 0.24 0.21
FI 22486 0.76 0.57 0.55 0.29 0.29 0.13
FR 20984 0.74 0.61 0.60 0.32 0.32 0.25
GR 15318 0.70 0.40 0.39 0.16 0.16 0.14
HR 12218 0.71 0.56 0.55 0.25 0.25 0.20
HU 21349 0.77 0.63 0.62 0.33 0.33 0.29
IS 6943 0.78 0.65 0.60 0.35 0.35 0.14
IT 38039 0.73 0.48 0.47 0.24 0.24 0.22
LT 10485 0.68 0.58 0.55 0.31 0.30 0.27
LU 8005 0.81 0.70 0.69 0.36 0.35 0.31
LV 12442 0.70 0.59 0.57 0.31 0.31 0.27
MT 10201 0.73 0.57 0.55 0.31 0.31 0.30
NL 19476 0.79 0.67 0.64 0.24 0.24 0.10
NO 11998 0.77 0.68 0.62 0.40 0.40 0.19
PL 30162 0.71 0.54 0.51 0.26 0.26 0.23
PT 14009 0.71 0.57 0.56 0.31 0.31 0.26
RO 15859 0.72 0.47 0.45 0.29 0.29 0.25
RS 16967 0.76 0.48 0.46 0.23 0.23 0.20
SE 12223 0.71 0.61 0.57 0.33 0.33 0.15
ST 23374 0.78 0.62 0.61 0.37 0.37 0.33
SK 13286 0.79 0.64 0.64 0.40 0.40 0.36
UK 18336 0.74 0.62 0.61 0.33 0.31 0.27

For responders who report holding more than one job, identifying earnings from each job separately is impossible. FTFY denotes full-time full year employment. Data
on individual earned income are available on a yearly basis. While most variables in the EU-SILC reflect the current situation of the surveyed individuals, the
information on income relates mainly to the previous calendar year. Thus, the EU-SILC data from 2013 in most cases provide information on incomes from 2012. We
name the data points according to the reference period of the income information; PL 2012 refers to data from the EU-SILC 2013 round in Poland, while UK 2012 refers
to the EU-SILC 2012 round in the United Kingdom. We also exclude Ireland from the analysis, as the income reference periods may not overlap for women and men.

https://doi.org/10.1371/journal.pone.0241107 1001

Indeed, the incidence of part-time employment and unemployment, the role of selection into
FTFY employment, can inform about the role of segmentation between FTFY and irregular
jobs in the adjusted gender wage inequality.

Also, the ability to manipulate the set of control variables is particularly desirable if some
labor markets are more segregated on gender than others. Methods that do not adjust for seg-
regation yield higher estimates of AGWG (in relative terms) for countries characterized by
highly segmented labor markets, ceteris paribus. Hence, comparing rankings based on AGWG
estimates with and without an occupation or industry characteristics can reveal the extent to
which segregation stands behind gender inequality in comparative terms.
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We explore all combinations of methods and covariates. First, among parametric estimates
at the mean, we included all possible combinations of male-female coefficients discussed in the
literature [14-17, 20-22]. This yields seven variants. Moreover, we estimated these decomposi-
tions, correcting for gendered selection into FTFY employment (a la Heckman), which dou-
bles the number of variants (with and without selection adjustment) The Heckman correction
was not applied to the methods proposed in [17, 22] as these approaches require estimating an
additional regression for obtaining the counterfactual wage structure. Selection correction [23]
for selection into employment uses as exclusion criterion the information on the household
structure (e.g., presence of children under the age of 6 in the household) and alternative
sources of income (e.g., presence of another earner in the household and the availability of
non-labor income in the household). Further, all estimates are obtained on a sample restricted
to observations for which a statistical twin of the opposite gender is observed and without this
restriction. A subset of the estimations contains both selection correction term and a common
support restriction, in this case, the common support requires that we observe an individual
with the same characteristics in each combination of the two dichotomies: FTFY or not, and
men or women. This raises the number of variants further by a factor of two.

For other methods, the range of combinations is smaller. Non-parametric models lack an
equivalent of a selection correction model a la [23]. Then, and by definition, the Nopo decom-
position can only be estimated within the common support [31]. For semi-parametric models,
we consider the reweighting scheme described in [32].

Outside of the mean, we estimate decompositions at the quartiles (25th, 50th and 75th per-
centiles). We include the parametric decomposition of [26], and utilize the semi-parametric
methods of [28] and [32]. The first two methods allow changing the non-discriminatory wage
structure in the same way as parametric decompositions at the mean, and so our estimates
vary along this dimension. To the best of our knowledge, no procedure incorporates a selec-
tion correction into these models. In these models, we opted to exclude common support cor-
rection given that it is not clear whether the restriction should apply to the specific
unconditional quartile or to the entire sample.

Method-wise, we obtain between 7 and 28 variants at the mean and 7 variants at each quar-
tile. The detailed account for all methods is summarized in Table 2. For each method, we esti-
mate AGWG using alternative sets of conditioning variable. All estimations account for the
“basic” set of demographic and human capital variables. In this set, we include controls for
age, education, marital status, and the degree of urbanization in the place of residence. We
then expand step-wise the conditioning set to include industry, firm size controls, and occupa-
tion controls. This yields 189 variants at the mean for each country and 91 variants at each of
three quartiles for each country.

The estimations of AGWG are performed for each country separately. In sum, for each
country we obtain a total of 189 estimates of the AGWG at the mean and 91 estimates at each
quartile. We use log of hourly wages as dependent variable, except [31] decomposition which
operates in levels and reports results in percent. After we obtain estimates of the AGWG for
each country using every possible specification (methods x control variables x mean/quar-
tiles), we rank all countries under each specification. A lower rank identifies countries with
lower AGWG.

4. Results

Fig 3 documents substantial dispersion in the ranking position of 23 EU countries in terms of
adjusted gender wage inequality. There are just five countries in the sample that never rank 20
or worse (the lowest ranking for Denmark is 11, the lowest ranking for Slovenia is 18, and the
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Table 2. Account of the decomposition methods used in this study.

Method Number of specifications
Counterfactual wage structure Selection Common support Covariates Total

At mean
Parametric with selection [14-16, 20, 21] 5 2 (Yes & No) 2 (Yes & No) 7 140
Parametric without selection [17, 22] 2 1 (No) 2 (Yes & No) 7 28
Semi-parametric (reweighting) [32] 1 1 (No) 2 (Yes & No) 7 14
Non-parametric [31] 1 1 (No) 1 (Yes) 7 7
Total 189
At quartiles (25, 50" & 75" percentile)
Parametric [26] 5 1 1 7 35
Reweighting [32] 1 1 1 7 7
RIF [28] 7 1 1 7 49
Total 91

Parametric refers to linear decompositions at the mean. Parametric with selection refers those parametric methods which allow for selection correction, these are the
contributions of [14-16, 20, 21]. Parametric without selection refers to those parametric methods for which additional regression has to be estimated and selection into
FTFY cannot be corrected, these are the contributions of [17, 22], which require the estimation of additional regressions. The remaining rows refer to the
decompositions in parentheses DFL [32], Nopo [31], JMP [26] and RIF [28]. Seven potential sets of covariates includes: basic set, with occupation, with broad industries,
with industry at 1 digit, with occupation and broad industries, with occupation and industry at 1 digit, with firm size. The total column is the product of the preceding

columns and indicates the number of estimations per decomposition type.

https://doi.org/10.1371/journal.pone.0241107.t002

lowest ranking for France and Romania is 19). Also, just two countries never rank "™ or better
(best ranking for the United Kingdom is sixth6 and for Romania is 5). Even Estonia, a country
that is often found at the bottom of the ranking, displays the lowest unjustified in some
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Fig 3. The distribution of rankings across countries. For each country we report a complete set of rankings, for each of the 462 methods applied. Each circle
portrays a separate model. The dotplot portrays the concentration of rankings. Detailed data available at [http://grape.org.pl/data/gender-wage-gaps-around-eu-
and-across-methods].

https://doi.org/10.1371/journal.pone.0241107.g003
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specifications. This considerable dispersion is achieved on the most comparable data set for
the EU countries, i.e., EU-SILC.

We argue that this dispersion is informative in a sense that it can be used to infer in relative
terms the severity of a given driver of unjustified gender inequality in wages. We formulate
indirect inference: an issue a is more pressing in country j if country j moves to a worse rank-
ing whenever we use a method which is sensitive to a. Specifically, we demonstrate that meth-
ods and labor market deficiencies are related across countries such that if a given deficiency is
more prevalent in one country than in others, the ranking of this country worsens relative to
others in a ranking based on a method sensitive to a given type of deficiency.

We illustrate this point in two ways. First, in Fig 4, we portray that for some countries, a
given feature of adjusting for obtaining the measures of AGWG changes the place in the rank-
ing substantially. To provide a systematic overview of the dispersion in country rankings
across methods and conditioning sets, we regress a ranking of a country from a given specifica-
tion against a set of dummies characterizing given specification. Second, in Fig 5 we show that
the changes in the ranking across methods can be explained by the sensitivity of decomposi-
tion methods to labor market deficiencies.

4.1. Systematic changes to rankings

Recall that for each country, we have 189 rankings stemming from the estimates of AGWG at
the mean; in addition, we have 91 rankings for each country stemming from estimates of
AGWG at each quartile. Each of those estimates is characterized by a method and set of covari-
ates. We estimate the following two models. First, we estimate

Y ¢ € countries: ranking,, = B, + B, functional form + p,selection-+

B,CS + 6,0ccupation+9,industry + d,firm size + yWS + €, (Model 1)

where f, y and 6 denote the estimated parameters, functional form denotes a dummy taking on
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Fig 4. Ranking of countries and method of estimating AGWG. The horizontal axis denotes the number of positions in the ranking. Negative numbers signify
that a country is moving in the direction of higher AGWG in relative terms. Positive numbers signify the opposite. The point estimates are accompanied by the
confidence intervals. See explanation under S1 and S2 Tables for the details of the methods compared. Data available at [http://grape.org.pl/data/gender-wage-gaps-
around-eu-and-across-methods].

https://doi.org/10.1371/journal.pone.0241107.9004
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Fig 5. Correlations between rankings and labor market deficiencies. The horizontal axis denotes the strength of the
correlation between given labor market deficiency and the rankings. The vertical axis denotes the difference in
constants from Model (3) between the rankings based on a method with and the rankings without a given type of
adjustment. We report all estimated coefficients from the model, and mark those which pass the bar of 15%
significance. Methods sensitive to selection have to have selection correction (see Table 2). Methods sensitive to
segmentation have to adjust for industry, occupation or firm size. Methods sensitive to the existence of similar men
and women are non-parametric and semi-parametric methods from Table 2. Data available at [http://grape.org.pl/
data/gender-wage-gaps-around-eu-and-across-methods].

https://doi.org/10.1371/journal.pone.0241107.9005

the value of 1 if a given decomposition method has to assume a functional form of the wage
determinants for both genders, selection denotes a dummy taking on a value of 1 if a given
decomposition method corrects for selection into FTFY employment, CS is a dummy taking
on a value of 1 if a given decomposition method restricts the sample to comparable men and
women. In addition, the dummy variables occupation, industry and firm size denote dummies
signifying if a given estimation included among the covariates occupation, industry and firm
size, respectively. Finally, WS denotes a set of dummies for the counterfactual wage structure
used in the decomposition (male, female, mixed, etc.). The second model is described by:

Y ¢ € countries: ranking, = f, + f,Q1 + 5,Q3+
0,occupation+90,industry + 0.firm size + yWS + €, (Model 2)

where Q denotes quartiles at which decompositions underlying given ranking was obtained.
The reference category for quartile is estimates at the median. Overall, Model 1 is based on 189
observations, and we estimate 23 such models, and Model 2 is based on 91 observations, and
we estimate 23 such models. The estimated coefficients have a convenient interpretation
because they summarize the change in ranking for a given country in rankings across methods.
Note that with rankings as an explained variable, if one country moves towards equality, then
another country has to move towards inequality. This implies that the parameters should add
up to 0 for all the countries. Positive coefficients indicate that adjusting for a given aspect in
the specification is associated with a higher ranking for a given country (i.e., more unjust
inequality of wages across genders in the ranking, that is in relative terms). We report the esti-
mates from Model 1 in S1 Table and results from Model 2 in S2 Table. For illustration
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purposes, we also report the obtained estimates in Fig 4: the left and the middle panel refer to
Model 1, whereas the right panel refers to Model 2.

Clearly, the characteristic that changes the rankings the most is whether or not a method
corrects for selection into FTFY employment. Countries change rankings by as much as ten
positions up and down, ceteris paribus. The Netherlands and Austria are the countries in
which the change is the most visible. Each of them moves almost ten positions down, that is
towards greater gender wage inequality. Spain and Denmark also see their position worsens
once we correct for selection. Some Eastern European countries see an improvement in their
rankings. Lithuania is the most visible example, but hardly the only one. Slovenia, the Czech
Republic, and Slovakia also belong to this group of countries.

Changes in the rankings defy simple country groupings. Beyond Eastern Europe, Sweden
also observes improvement in its ranking. By geography and social welfare institutions, one
would place Sweden with other Northern European countries, and yet it is the only where cor-
recting for selection leads to higher rankings (lower relative inequality). By the same token,
recent history and market orientation would lead to a classification of Poland with other East-
ern European countries, and yet correction for full-time employment leads to deterioration in
the ranking comparable to Western counterparts.

Restricting the analysis to men and women who share similar characteristics can move
countries between two and three positions in the rankings: countries in Western Europe (Ger-
many, Finland, France, and Italy) observe a fall in their position, whereas mostly Eastern Euro-
pean countries move towards higher equality.

The results also speak about the relative role of labor market segregation, as reflected in
changes in the set of variables included in the controls. France and Finland are two countries
where the inclusion of controls for industry and occupation leads to a relative improvement in
unjustified inequality. Taken together, these results suggest that in these countries, women and
men work in different industries and occupations. However, once this segregation is accom-
modated for in the estimation method, the scope of unjustified inequality appears smaller:
access to jobs is unequal, but pay is relatively more equal for equal jobs.

Finally, the last panel of Fig 4 shows that some EU countries struggle with the deficiency of
sticky floors and glass ceilings more than others. The ranking of Germany substantially wors-
ens at the lower end of the income distribution, which suggests that the problem of sticky
floors is relatively more acute in this country. The opposite is true of Austria, Finland, Hun-
gary, and Poland, where the scope of unjustified inequality increases relatively more at the top
of the income distribution.

4.2. Correlates of changes to rankings

The characterization portrayed in Fig 4 reveals that specific methods yield substantially higher
rankings (more inequality) for specific countries. We argue that the reshuffling of the rankings
stems from labor market deficiencies because some methods are more sensitive to a given type
of deficiency. For example, methods that correct for selection into FTFY employment can
speak of equality in access to full-time jobs and employment stability across genders. We fur-
ther explore this line of reasoning by estimating the following models.

ranking,, = B, + B,method,,, x deficiency, + €,, Model 3

where i denotes country, m denotes estimation method and x symbol denotes an interaction
term, i.e., the base levels of both the deficiency; variable and the method, ,, dummy as well as
their interaction. In this notation, f; is a vector of three parameters: 3, ,,, (which captures the
difference in constants between rankings based on a specific method,, = 1 and rankings based
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on all other methods) f; 4 (which captures the correlation between rankings based on all meth-
ods except for m and deficiency) and B ,,,s (which captures the additional correlation between
the deficiencies and the rankings based on a specific method,,, = 1). We estimate Model 3 as
many times as there are combinations between method and deficiency in our sample (three
deficiencies and seven methods, so 21 times in total) always on a sample of 23 countries. With
variation coming only from dispersion across 23 countries we run the risk of underpowered
correlations of 8, and B;, so we use 15% confidence intervals to establish, if the estimated coef-
ficient is significantly different from zero.

We construct measures of potential difficulties faced by women in the labor market: the
constraints on time imposed by caring functions (which we call: problems w/ caring), the con-
straints on demanded working time flexibility (which is naturally related but not equivalent
and which we call problems with flexibility), and gender segmentation (which signifies strong
segregation of genders across jobs and industries). The need to provide care for relatives (chil-
dren or adults) is measured as a proportion of women who, potentially provide care (i.e., those
who live with small children or dependent adults in a household) and who report that the need
to provide care constraints their ability to be active in the labor market, seek work, work at all,
or work full time. Second, we construct a measure of the lack of flexibility in the labor market.
This variable measures the proportion of women that report insufficient flexibility in their
employment contracts. Finally, we use data on occupation (two digit ISCO 08 codes) and
industry (one digit NACE rev.2) to compute measures of labor market segmentation. We com-
pute the Duncan Index of Dissimilarity [40]. The index has a straightforward interpretation: it
indicates the fraction of workers who would need to change their jobs to obtain an equal
employment structure across genders. Higher numbers are indicative of a more gender seg-
mented segregated labor market. We report the value of each measure for each country in S3
Table together with a list of variables used to derive these measures. For ease of interpretation,
when estimating Model 3, we normalize these three measures of deficiency.

Given that rankings have variation within each country, whereas labor market characteris-
tics vary only between countries, we estimated Model 3 using multi-level regressions. This
implies that the standard errors of 3; estimates adjust for the fact that the interaction term var-
ies within the country, but measures of labor market deficiencies vary only across countries.
Furthermore, we cluster standard errors at the country level. Notice that since rankings are
obtained independently for each method, control set, and quartile, the regression is compara-
ble to one, including fixed effects for the interaction of these elements. In other words, if one
were to include controls for the variables presented in Fig 4 they would have all zero coeffi-
cients. The results are reported in Fig 5.

The interpretation of Fig 5 is straight forward, once the intuition behind Model 3 is explained.
Consider the following thought experiment: take insufficient working time flexibility, WTF, as
an example of a labor market deficiency. Further, take rankings based on methods which correct
into FTFY employment, as an example of a method. Next, estimate a model of the form g; =y, +
v1 WTF; + ¢ if method € selection correction, where i denotes country and the model is obtained
from a multilevel regression and with clustered standard errors. Now, repeat the exercise with
the following modification: ranking, = 7, + 3, WTF, + €, if method ¢ selection correction. You
can think of the parameters in Model 3 as 8, ,,, = 7, — 7;,and 8, = 7, — 7,. Consequently the
estimate f3; ,,,; from Model 3 informs about the difference in slopes relating rankings (with and
without selection correction in our example) and labor market deficiency (insufficient working
time flexibility). The very existence of the slope between ranking of gender inequality and WTF,
denoted in Model 3 by f; , is uninteresting, because it signifies in our example that on average
countries with shorter supply of WTF tend to have higher gender inequality—an intuitive but not
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powerful observation. However, if 8 ,,,4 is significant, then clearly a given deficiency and a rank-
ing based on a given method are correlated through the sensitivity of the method, and not merely
through unequal societies having more unequal labor markets.

As portrayed in Fig 5, most interaction terms are not significant, which conforms with the
expectations: if a method is not sensitive to detecting given type of labor market deficiency,
correlation between ranking and this deficiency would not be stronger or weaker for this
method than overall. However, of the 189 combinations between method and the set of the
control variables, we expect some methods to be particularly sensitive to gendered selection
into employment (denoted by circle), gendered segmentation of jobs (denoted by square) and
avoiding the mistake of comparing the dissimilar workers (denoted by a triangle). For those of
the 189 combinations, where one or more of those three conditions are fulfilled, one should
expect By 4 to be significant for the three measures of labor market deficiencies, as is the case.
Most of the significant estimates fall in the fourth quadrant of Fig 5, where 3 ,, is positive, and
B1.ma is negative. The negative sign in f; ,,,; implies that ranks unadjusted for a given deficiency
are downward biased where this deficiency is more prevalent. Once we account for this defi-
ciency, rankings go up in countries where they were previously low, and fall where they used
to be high. The positive sign of 3, ,, is a mathematical consequence of the fact that all rank-
ings-regardless of whether they are sensitive to a given deficiency or not-vary between 1 and
23. We also find two significant estimates in the second quadrant, (where S ,,,4 is positive, and
B1.m is negative), which implies the same downward bias as in the fourth quadrant.

In summary, Fig 5 demonstrates that the countries with relatively more constraints on pri-
mary care-givers to have a paid job tend to have lower unjustified inequality in wages, on aver-
age. Likewise, countries with more gender segmentation of jobs actually pay more equal for
the jobs, where both men and women are employed-inequality is related to unequal access to
many jobs, but in relative terms, pay is more equal for equal work. Thus, we make a case that
exploiting rankings based on a broad variety of methods, differing in how sensitive they are to
detecting various types of gender inequality, we one can inform policy debate about the type of
labor market deficiencies which are-in relative terms—-more of a policy issue in some countries
than in others.

5. Conclusions

For policy-relevant reasons, inequality in many outcome variables such as wages, educational
attainment, or exclusion is typically evaluated in a comparative perspective through rankings.
Such rankings serve to identify potential policy priorities, evaluate policy changes, etc. While
perfect equality may be unattainable for many outcome variables, countries may want to avoid
lagging behind the reference countries with similar overall standards of living or aspirations.
Such rationale lays the foundations for many international ranking efforts, including the exam-
ples of Gender Equality Index (for gender), the ranking of racial equality for the states of the
USA, and many others. Formulation of such rankings is typically preceded by an intensive pub-
lic debate on which issues to rank and how to formulate the ranking. Against this demand for
rankings of inequality, the academic community provides a plethora of methods of obtaining
the measures of unjustified inequality. None of the available methods is perfect in the sense that
none is sensitive to all kinds of deficiencies. This would not matter if all countries were subject
to the same deficiencies. However, if the countries differ in prevailing deficiencies, then “one
method does not fit them all” and rankings based on any single method may be misguiding.

In this paper, we test empirically if this theory-based intuition delivers large or small dis-
crepancies between the rankings of the 23 European countries for the case of adjusted gender
wage gaps. For these economies, we show that rankings obtained from the same data depend

PLOS ONE | https://doi.org/10.1371/journal.pone.0241107  November 4, 2020 17/21


https://doi.org/10.1371/journal.pone.0241107

PLOS ONE

How rankings disguise gender inequality

crucially on the method used and its ability to highlight the deficiencies of the analyzed labor
markets. Our focus on wages implies that we study a relatively broadly documented set of
labor market deficiencies (access to labor market, segmentation, and differential effects along
the distribution of wages). Studying gender wage gaps implies that we operate in a sphere of
immensely developed applied econometrics, with a plethora of ways to adjust for differences
in characteristics (unlike the case of other inequalities, such as entrepreneurship, access to
credit or public goods, political activism, education, violence, etc., where the natural outcome
measures are binary, count or categorical variables).

Our study provides two contributions. First, we show that the inherent features of a method
may be useful in identifying the sources of inequality in a comparative perspective. Depending
on the method, the set of covariates, the moment of the distribution, most of the countries can
change their rank from the most equal to the most unequal. We also show that this variation of
rankings correlates well with labor market deficiencies through the interaction of method and
deficiency. The methods that a priori are more able to detect one type of inequality exhibit sig-
nificant interactions with indirect proxies of this type of inequality. For example, the ranking
in the case of Germany depends substantially on whether or not the estimation adjusts for
labor market segregation and “sticky floors”. We infer that Germany may be characterized by
having relatively less segmented labor markets than other EU countries and that the phenome-
non of unjustified wage inequality concentrates at the lower and, to a lesser degree, upper
parts of the earnings distribution. By contrast, in France, there appears to be substantially
more scope for segmentation and the problem of gender wage inequality is relatively equally
distributed along income. Comparative studies like ours may yield important policy implica-
tions for prioritizing interventions in the spirit proposed by [41].

Second, by exploiting a fixed selection of data sets across multiple estimation methods,
quartiles of the wage distribution, and control variables, we show that no single method is
equally reliable across differentiated origins of inequality. Hence, each ranking (and each
underlying measure) will give a “false” premium to some countries and a “false” penalty to the
other countries. It is easy to purposefully choose one specific ranking to give the impression
that countries with a given type of deficiency are relatively more equal than they actually are. If
a country has issues with segmentation, the country’s leaders may prefer a ranking based on a
method that, while it is scientifically sound, is weak in identifying that particular deficiency.
The way to mitigate potentially misguided implications of inadequate rankings is—as we show
in this paper—to develop a broad array of rankings and study their changes to capture the rela-
tive severity of the deficiencies across countries that are being ranked. Much like Google-
Words, which operate in relative terms, one can interpret changes in positions across multiple
rankings rather than focus on one selected indicator of inequality, potentially inadequate for a
large part of studied countries. Our approach would be applicable to many alternative outcome
measures, such as ranking equality in access to education, public service, health, poverty, and
other policy-relevant contexts. Admittedly, our results apply to the same extent in a corporate
context, where units or business lines are to be ranked for the purposes of compensation or set-
ting output targets, all the more so if one attempts to account for structural differences between
these units.

Our findings support several policy implications. First, rankings can be a useful policy and
communication tool only if they reflect relevant inequality dimensions. This requires estimat-
ing many rankings across methods and covariates. Indeed, we show that the concern that a
weakness of a given method to compute inequality may interact with the deficiencies of mar-
kets and institutions which generate this very inequality is not purely theoretical. Empirically,
a ranking of a country varies by as much as ten ranks (out of 23).
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Second and accordingly, rankings of gender wage inequality in Europe need to adjust for
the ability to work, primarily work in full-time positions. We show that a key policy challenge
in a cross-country perspective relates to working time flexibility and work-life balance. Not
only do these indicators correlate well with the rankings of gender wage inequality, but meth-
ods that adjust for the ability to work, especially full-time, yield substantially different rankings
to methods that fail to account for this dimension of gender inequality. Meanwhile, accounting
for gender segregation into jobs or occupations, while potentially relevant for gender inequal-
ity in specific countries, does not lead to any major reshuffling of cross-country rankings.
Finally, sticky floors or glass ceilings issues do not appear to be homogeneous across Europe:
either or both of these issues prove to be relevant in some countries, but not in others. While
this cross-country comparison reveals which countries need to prioritize policy interventions
to address inequality at the bottom or the top of the income distribution, given the variation
across countries, addressing inequality along the distribution does not appear to be a pan-
European policy challenge.

Supporting information

S1 File.
(ZIP)

S1 Table. Drivers of country rankings-methods and control variables.
(DOCX)

S2 Table. Drivers of country rankings—AGWG at quartiles (relative to estimates at the
mean).
(DOCX)

S3 Table. Measures of labor market deficiencies.
(DOCX)

Acknowledgments

The Authors are grateful to two anonymous Reviewers, who gave excellent comments leading
to improving the paper. The earlier versions of this paper have received extremely valuable
remarks from Irene van Staveren, Anzelica Zaiceva, Roberta Gatti, Nuria Rodriguez-Planas,
Katarzyna Bech and Michal Myck. Important points were raised during many useful discus-
sions with the participants of seminars in Germany (IOS and IAAEU), Netherlands (AIAS),
and Poland (UoW, SGH, IBS and GRAPE). Part of the work was conducted by LAV at the
University of California, Berkeley. Its hospitality is gratefully acknowledged. All opinions
expressed are those of the authors. The authors declare no conflict of interest. The remaining
errors are ours.

Author Contributions

Conceptualization: Karolina Goraus Tanska, Joanna Tyrowicz, Lucas Augusto van der Velde.
Data curation: Karolina Goraus Tanska.

Formal analysis: Karolina Goraus Tanska, Joanna Tyrowicz.

Funding acquisition: Karolina Goraus Tanska, Joanna Tyrowicz.

Methodology: Joanna Tyrowicz, Lucas Augusto van der Velde.

Software: Lucas Augusto van der Velde.

PLOS ONE | https://doi.org/10.1371/journal.pone.0241107  November 4, 2020 19/21


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0241107.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0241107.s002
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0241107.s003
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0241107.s004
https://doi.org/10.1371/journal.pone.0241107

PLOS ONE

How rankings disguise gender inequality

Visualization: Lucas Augusto van der Velde.

Writing - original draft: Karolina Goraus Tanska, Joanna Tyrowicz, Lucas Augusto van der

Velde.

Writing - review & editing: Joanna Tyrowicz, Lucas Augusto van der Velde.

References

1.

10.

11.

12

13.

14.

15.

16.

17.

18.

19.

20.

21.

Gasser M, Liechti L. Gender equality trade-offs re-examined: evidence from Swiss cantons. Commu-
nity, Work & Family. 2015; 18: 249-267.

Forsberg G, Stenbacka S. How to improve regional and local planning by applying a gender-sensitive
analysis: examples from Sweden. Regional Studies. 2018; 52: 274—284.

Hagan S, Lu W. Ranking the U.S. States by Gender Equality. In: Bloomberg [Internet]. 2019 [cited 5
May 2019]. Available: https://www.bloomberg.com/news/articles/2019-03-08/vermont-minnesota-are-
the-best-states-for-gender-equality

Duncan S. Theorizing European gender systems. Journal of European Social Policy. 1995; 5: 263—-284.

Permanyer |. A critical assessment of the UNDP’s gender inequality index. Feminist Economics. 2013;
19:1-32.

Permanyer |. Why call it ‘equality’ when it should be ‘achievement’? A proposal to un-correct the ‘cor-
rected gender gaps’ in the EU Gender Equality Index. Journal of European Social Policy. 2015; 25:
414-430.

Beresford T. Desi Lydic investigates gender equality in America. In: The Hollywood Reporter [Internet].
2018 [cited 5 May 2019]. Available: https://www.hollywoodreporter.com/live-feed/desi-lydic-
investigates-gender-equality-america-daily-show-1210379

Siripala T. Japan Ranks Worst Among G7 on Gender Gap Index. In: The Diplomat [Internet]. 2018
[cited 5 May 2019]. Available: https://thediplomat.com/2018/12/japan-ranks-worst-among-g7-on-
gender-gap-index/

Okutsu A. Philippines tops WEF’s gender equality ranking in Asia. In: NIKKEI Asian Review [Internet].
2018 [cited 5 May 2019]. Available: https://asia.nikkei.com/Economy/Philippines-tops-WEF-s-gender-
equality-ranking-in-Asia

Zalis S. Lessons From The World’s Most Gender-Equal Countries. In: Forbes [Internet]. 2018 [cited 5

May 2019]. Available: https://www.forbes.com/sites/shelleyzalis/2018/10/30/lessons-from-the-worlds-
most-gender-equal-countries

Fortin N, Lemieux T, Firpo S. Decomposition methods in economics. Handbook of Labor Economics.
Elsevier; 2011. pp. 1-102.

Goraus K, Tyrowicz J, Velde L van der. Which Gender Wage Gap Estimates to Trust? A Comparative
Analysis. Review of Income and Wealth. 2017; 63: 118—146.

Nopo H, Daza N, Ramos J. Gender Earnings Gaps around the World: a study of 64 countries. Interna-
tional Journal of Manpower. 2012; 33: 464-513.

Blinder AS. Wage Discrimination: Reduced Form and Structural Estimates. Journal of Human
Resources. 1973; 8: 436—455.

Oaxaca R. Male-Female Wage Differentials in Urban Labor Markets. International Economic Review.
1973; 14: 693-709.

Cotton J. On the decomposition of wage differentials. The Review of Economics and Statistics. 1988;
70: 236-243.

Neumark D. Employers’ discriminatory behavior and the estimation of wage discrimination. Journal of
Human Resources. 1988; 23: 279-295.

Oaxaca RL, Ransom MR. Searching for the Effect of Unionism on the Wages of Union and Nonunion
Workers. Journal of Labor Research. 1988; 9: 139-148.

Oaxaca RL, Ransom MR. On discrimination and the decomposition of wage differentials. Journal of
Econometrics. 1994; 61: 5-21.

Reimers CW. Labor market discrimination against Hispanic and black men. The Review of Economics
and Statistics. 1983; 65: 570-579.

Stoczynski T. The Oaxaca—Blinder unexplained component as a treatment effects estimator. Oxford
Bulletin of Economics and Statistics. 2015; 77: 588—-604.

PLOS ONE | https://doi.org/10.1371/journal.pone.0241107  November 4, 2020 20/21


https://www.bloomberg.com/news/articles/2019-03-08/vermont-minnesota-are-the-best-states-for-gender-equality
https://www.bloomberg.com/news/articles/2019-03-08/vermont-minnesota-are-the-best-states-for-gender-equality
https://www.hollywoodreporter.com/live-feed/desi-lydic-investigates-gender-equality-america-daily-show-1210379
https://www.hollywoodreporter.com/live-feed/desi-lydic-investigates-gender-equality-america-daily-show-1210379
https://thediplomat.com/2018/12/japan-ranks-worst-among-g7-on-gender-gap-index/
https://thediplomat.com/2018/12/japan-ranks-worst-among-g7-on-gender-gap-index/
https://asia.nikkei.com/Economy/Philippines-tops-WEF-s-gender-equality-ranking-in-Asia
https://asia.nikkei.com/Economy/Philippines-tops-WEF-s-gender-equality-ranking-in-Asia
https://www.forbes.com/sites/shelleyzalis/2018/10/30/lessons-from-the-worlds-most-gender-equal-countries
https://www.forbes.com/sites/shelleyzalis/2018/10/30/lessons-from-the-worlds-most-gender-equal-countries
https://doi.org/10.1371/journal.pone.0241107

PLOS ONE

How rankings disguise gender inequality

22,

23.
24,

25.

26.

27.

28.
29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

M,

Fortin NM. The Gender Wage Gap among Young Adults in the United States: The Importance of Money
versus People. Journal of Human Resources. 2008; 43: 884—918.

Heckman JJ. Sample Selection Bias as a Specification Error. Econometrica. 1979; 47: 153-61.

Fairlie RW. The Absence of the African-American Owned Business: An Analysis of the Dynamics of
Self-Employment. Journal of Labor Economics. 1999; 17: 80-108.

Fairlie RW. An extension of the Blinder-Oaxaca decomposition technique to logit and probit models.
Journal of Economic and Social Measurement. 2005; 30: 305-316.

Juhn C, Murphy KM, Pierce B. Wage inequality and the rise in returns to skill. Journal of political Econ-
omy. 1993; 410-442.

Machado JAF, Mata J. Counterfactual Decomposition of Changes in Wage Distributions Using Quantile
Regression. Journal of Applied Econometrics. 2005; 20: 445—465.

Firpo S, Fortin NM, Lemieux T. Unconditional Quantile Regressions. Econometrica. 2009; 77: 953-973.
Olivetti C, Petrongolo B. Unequal Pay or Unequal Employment? A Cross-Country Analysis of Gender
Gaps. Journal of Labor Economics. 2008; 26: 621-654. https://doi.org/10.1086/589458

Picchio M, Mussida C. Gender wage gap: A semi-parametric approach with sample selection correc-
tion. Labour Economics. 2011; 18: 564-578.

Nopo H. Matching as a Tool to Decompose Wage Gaps. Review of Economics and Statistics. 2008; 90:
290-299. https://doi.org/10.1162/rest.90.2.290

DiNardo J, Fortin NM, Lemieux T. Labor Market Institutions and the Distribution of Wages, 1973—1992:
A Semiparametric Approach. Econometrica. 1996; 64: 1001—44.

Bericat E. The European Gender Equality Index: Conceptual and Analytical Issues. Soc Indic Res.
2012; 108: 1-28. https://doi.org/10.1007/s11205-011-9872-z

Branisa B, Klasen S, Ziegler M. New Measures of Gender Inequality: The Social Institutions and Gender
Index (SIGl)and its Subindices. Discussion Papers; 2009. Report No.: 10. Available: https://www.
econstor.eu/handle/10419/90517

Di Noia J. Indicators of Gender Equality for American States and Regions: An Update. Social Indicators
Research. 2002; 59: 35-77.

Brandolini A, Rosolia A, Torrini R. The distribution of employees’ labour earnings in the European
Union: Data, concepts and first results. ECINEQ, Society for the Study of Economic Inequality; 2011.
Report No.: 198.

lacovou M, Kaminska O, Levy H. Using EU-SILC data for cross-national analysis: strengths, problems
and recommendations. Institute for Social and Economic Research; 2012. Report No.: 2012-03.

Jenkins S, Kerm PV. The Relationship Between EU Indicators of Persistent and Current Poverty. Social
Indicators Research. 2014; 116: 611-638.

Massari R, Naticchioni P, Ragusa G. Unconditional and Conditional Wage Polarization in Europe.
Dipartimento di Economia e Finanza, LUISS Guido Carli; 2015. Report No.: 1504.

Duncan OD, Duncan B. A Methodological Analysis of Segregation Indexes. American Sociological
Review. 1955; 20: 210-217.

Fleurbaey M. Equality versus Priority: How Relevant is the Distinction? Economics & Philosophy. 2015;
31:203-217.

PLOS ONE | https://doi.org/10.1371/journal.pone.0241107  November 4, 2020 21/21


https://doi.org/10.1086/589458
https://doi.org/10.1162/rest.90.2.290
https://doi.org/10.1007/s11205-011-9872-z
https://www.econstor.eu/handle/10419/90517
https://www.econstor.eu/handle/10419/90517
https://doi.org/10.1371/journal.pone.0241107

