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Abstract

Using an own survey on wage expectations among students at two Swiss institutions of
higher education, we examine the wage expectations of our respondents along two main
lines. First, we investigate the rationality of wage expectations by comparing average
expected wages from our sample with those of similar graduates; further, we examine how
our respondents revise their expectations when provided information about actual wages.
Second, using causal mediation analysis, we test whether the consideration of a rich set of
personal and professional controls, inclusive of preferences on family formation and number
of children in addition to professional preferences, accounts for the difference in wage
expectations across genders. Results suggest that both males and females overestimate
their wages compared to actual ones and that males respond in an overconfident manner to
information about realized wages. Personal mediators alone cannot explain the indirect
effect of gender on wage expectations; however, when combined with professional media-
tors, this results in a quantitatively large reduction in the unexplained effect of gender on
wage expectations. Nonetheless, a non-negligible and statistically significant direct (or
unexplained) effect of gender on wage expectations remains in several, but not all
specifications.

1 Introduction

Marked differences remain in today’s labor market concerning the professional paths of men
and women. [1], for example, survey the research on the gender wage gap and find that, despite
considerable gender wage convergence during the period 1980-2010, that process was much
less pronounced at the top of the wage distribution. Further, it was the explained part of the
gap that declined, indicating gains in education and experience of women relative to men,
whereas the unexplained part of the gap did not change much.

Given the well-established and well-known gender wage gap, as well as the different paths
that women and men typically follow in the labor market, rational and forward looking men
and women, when asked about wage expectations about their own individual future, would
generate forecasts in line with the actual gender wage gap. The goal of our paper is, on the one
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hand, to examine whether this expectational wage gap is rational, in the sense of matching
actual wages from comparable groups in the population, and, further, in the way that our
respondents react to information about actual wages; on the other hand, we test whether the
gender differences in wage forecasts of our respondents are explained by differences in their
professional and personal preferences. Specifically, once we control for how individuals see
themselves looking forward, not only professionally but also along personal dimensions, we
want to know whether or not gender remains as a residual source of wage expectations.

Averaging the wage expectations from our respondents and contrasting them with averages
of actual wages from similar population groups in the labor market, we find that both men and
women overestimate wages. To gain further insight into the formation of wage expectations,
we perform an experiment to examine how our respondents react to information about actual
wages. While women do not change their expectations, males react in an overconfident way to
the information provided.

As commonly found in the literature, it is also the case that our male and female respon-
dents report expecting different unconditional wages, with men having higher average wage
expectations than women. Our second contribution to the literature is to examine whether this
commonly found expectational wage gap vanishes once we control for a broader and more
comprehensive set of controls, including detailed answers on professional and personal prefer-
ences, the latter inclusive of questions on family formation and desired number of children.
Using inverse probability weighting methods in the context of causal mediation analysis to
estimate the effects of gender on expected wages, we find that the broader set of covariates
attenuates the direct effect of gender on wage expectations. Nonetheless, a non-negligible and
statistically significant direct (or unexplained) effect of gender on wage expectations remains
in several, but not all specifications.

The paper is organized as follows. Section 2 provides a comprehensive overview of the
related literature. Section 3 introduces our data set. Section 4 outlines the methodological
framework for decomposing the expectational wage gap. Results are presented in Section 5
and Section 6 concludes.

2 Literature review

In order to simplify the exposition and facilitate the connection with our paper, we divide our
overview of the literature into two strands: one that attempts to gauge the rationality/accuracy
of wage expectations, and the other investigates the reasons why wage expectations systemati-
cally vary with gender.

Forward looking, rational economic agents will chose their education and labor market
path taking into account the expected rewards associated with different possibilities. There-
fore, the accuracy of wage expectations is crucial for efficient decision making at the educa-
tional and human capital accumulation stages. Consequently, the literature on wage
expectation has focused on the accuracy of those expectations and on how individuals update
their expectations when new information is provided.

[2], for example, showed that students’ expectations corresponded to a high degree with the
performance of earlier cohorts in the labor market. He further showed that expected income
differences between occupations have an influence on the choice of education, assuming a lim-
ited set of educational alternatives. [3] find that students whose expected returns from nursing
college education were higher were more likely to later enroll in nursing college. In this line of
research, great heterogeneity of student wage expectations across fields of study and individual
characteristics was well documented. In a reference study, [4] asked high school and college
undergraduate students to complete a computerized detailed questionnaire eliciting beliefs
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about income levels attained under different schooling levels as well as respondents’ beliefs
about current earnings distributions. They found that students were capable of making realis-
tic estimates of future incomes and also that most of them expected to have positive college
returns. ([5] collected data on expected wages from students of the Economics Department of
the Bern University of Applied Sciences using a computer-assisted methodology similar to the
one used in [4]).

Similarly, [6] found that student expectations were reasonably aligned with income realiza-
tions despite considerable individual variability linked to personal traits (such as year and field
of study). More recently, in a series of contributions, [7, 8] documented that college students
update their expectations in a logical way when provided information about future earnings
despite despite initially having biased estimates of the population of earnings. (Similarly, [9]
find that students’ initial wage expectations are highly biased, underestimating actual salaries
by 18 percent, but that this bias is largely due to misconceptions of the progressive German
income tax).

Regarding gender differences in wage expectations, the overall view in the literature is that
men and women have different own wage expectations despite having good information about
earnings of their peers ([10]). Despite both men and women overestimating their earnings,
women’s expectations seem to be more realistic when entering the labor market ([6, 11]). Fur-
thermore, this gender gap closely resembles actual wage differences, prevails across subgroups
and along the entire wage distribution ([12]). ([13] find that women appear to have less accu-
rate wage expectations concerning the long term).

This strand of the literature has also examined whether gender differences in wage expecta-
tions remain even after current salary information is provided. After interviewing almost 100
students from Business and Economics Departments at a mid-size American university, [14]
reports the persistence of the common gender expectational wage gap even after all inter-
viewed students were given information about combined salaries of males and females. Like-
wise, [15] examined expectations revisions over time using a Dutch panel where information
on income expectations for the same household is available in consecutive years. Comparing
expected and realized income changes for the same time period, they found that, on average,
future income growth was significantly underestimated. In particular, people whose income
decreased in the recent past tended to be too pessimistic. Negative transitory incomes were too
often considered to be permanent.

We advance this literature by comparing students’ wage expectations with realized wages
for similar groups of graduates while simultaneously quantifying the prevailing expectational
gender wage gap. Further, through an information experiment, we directly analyze how infor-
mation on average income alters wage expectations along gender lines. While the results from
the information experiment cannot be directly connected to the (size of the existing) expec-
tational wage gap found in our sample, they nonetheless help shed light on the underlying pro-
cesses of expectation formation, in line with the literature.

Side by side with the literature testing the rationality and accuracy of wage expectations, a
different strand of work has attempted to provide reasons why expectations vary across gender
to begin with. The literature has overwhelmingly confirmed that males expect higher wages
than females (see e.g. the pioneering work of [14, 16, 17]). This gender gap is present even
before individuals start their professional career and increases over the life-cycle ([18]). Mor-
eoever, it is not limited to the American context ([12, 19, 20]).

Despite these gender differences in wage expectations having been documented extensively
in the literature, the key question is indeed how gender differences in wage expectations are
explained. Multiple studies provide different answers. We discuss next five of the main causes

PLOS ONE | https://doi.org/10.1371/journal.pone.0250892  June 2, 2021 3/24


https://doi.org/10.1371/journal.pone.0250892

PLOS ONE

Gender differences in wage expectations

that might drive gender differences in wage expectations, and determine how family and
career expectations contribute to explain this gap.

First, individual characteristics as well as job preferences may lead men and women to
chose different jobs and make different career decisions. For example, in [18], men and
women are conscious of the pay implications that choosing a female- or a male-dominated job
will imply. Along similar lines, [21] found that men have higher promotion expectations for
male- and neutral-oriented jobs than their female counterparts. (Existing studies have not
been limited to female-male job classifications, however. [22] confirm that women have con-
sistent lower wage expectations than men across different education programs such as STEM
and non-STEM fields. Nonetheless, they found that differences in wage expectations were not
explained by the probability of choosing a STEM major).

Second, psychological features such as self-perceptions, self-esteem and self-efficacy have
also been examined. The psychological literature, in particular, is very rich regarding self-
related theories and has shown that wage expectations and self-views are correlated with job
attributes and pay expectations. In [23], for example, female students have lower wage expecta-
tions and are less confident than males. These authors found that about 7.7 percent of the gen-
der gap in wage expectations is attributable to higher overconfidence of males. (Contrasting
with their findings, [24] found that gender differences in self-views favor females in China.
They attribute this evidence to their sample—in which most women hold a career track posi-
tion and have longer average years of education than the national average in China).

A third explanation for gender differences in wage expectations is rooted in gender differ-
ences in attitudes towards preference for competition and negotiation skills [25]. Using a sam-
ple of about 1500 Swiss lower-secondary school students in Switzerland, [26] found that, at all
levels of the ability distribution, willingness to compete is associated with choosing more chal-
lenging options which, in turn, leads to higher-paid careers. This behavior towards competi-
tion may carry over to other fields and situations, for example to salary negotiations and
negotiation skills [27]. Nonetheless, [28, 29] find that gender differences in risk-aversion, over-
confidence and competitiveness do not suffice to close the gender expectational wage gap
among college students in a North-American University.

A fourth explanation examines factors such as career referents, stereotypes, social compari-
sons, and perceived discrimination or perceptions about pay standards. [30] found that
women have lower expectations than men even when they identified high-level referents and
even when those referents are women. Related to this, [17] show evidence that same-sex com-
parisons are a stronger predictor of career-entry pay expectations than opposite-sex compari-
sons. A recent laboratory experiment of [31] showed that stereotypes affect self-beliefs and
own performance. It is therefore important to know whether individuals have accurate wage
perceptions.

A fifth explanation concerns gender differences in attitudes related to work as well as family
values and aspirations. Individuals might be already aware at an early age of their career and
family plans, and therefore internalize those in their future decisions in the labor market. As a
result, perhaps expecting to work fewer hours or taking jobs that help reconciling family and
work ([32]), women may have lower salary expectations, and lower wages compared to men
([33]). [34] documented that child rearing and career break expectations accounted for about
10% of the gender wage gap in the UK. For these authors, because women have child rearing
preferences and expect to take a career break, they reduce their search and expect a lower
wage. As consequence, they are less willing to move across jobs, and more likely to obtain a
lower wage. Related results were found by [35] when studying the impact of workplace prefer-
ences on the expected and actual gender wage gaps. They show that gender differences in job
preferences (i.e. work flexibility, job stability, hours worked potentially compatible with child
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rearing), as well as preferences for high earnings growth explain a sizable part (about 35 log
points) of the gender gap in expected earnings early in the life cycle (expected wage at the age
of 30 years). ([11] also pointed out that wage expectations are affected by time preferences for
childrearing but also for conciliating weekly hours worked with family responsibilities. Using
very detailed information on career plans and earning expectations of college business school
seniors, [36] provide evidence women expect to work fewer years than men. However, gender
differences in expected earnings have no effect on the number of years that women expect to
work in the labor market).

In our paper, we paid particular attention to the last explanation in the list above. We began
by constructing an own survey of undergraduate business, business and IT, and economics
students from two Swiss institutions of higher education. Our survey includes detailed ques-
tions on individuals’ perceived professional and personal path moving forward. It asks respon-
dents about their preferences over job attributes, industries and occupations, as well as over
family formation, number of children and intended degree of labor market attachment in the
presence of children. We directly contribute to the literature comparing the role of these covar-
iates in gender differences in wage expectations. Further, we approach this problem with more
sophisticated empirical methods allowing us to appropriately handle endogeneity and nonline-
arities and perform a causal mediation analysis to identify the role of gender in determining
wage expectations.

3 Data

Our data was collected by running a detailed survey among undergraduate students in two
Swiss institutions of higher education, namely the Business School of the Bern University of
Applied Sciences (BUAS, BFH for the German acronym), and the Faculty of Economic and
Social Sciences of the University of Fribourg.

Universities of Applied Sciences are institutions administering tertiary education of a more
applied nature. They typically provide the last educational segment to students who followed
the apprenticeship track in their upper secondary education (the latter comprising school
grades 10 through 12) and who still wish to further their education. Students who followed the
university track in upper secondary education go into conventional universities, with a less
applied focus.

The university (or, equivalently, the Gymnasium) track is normally reserved for students
with higher academic achievements. In Switzerland, roughly two thirds of students follow the
apprenticeship track whereas the remainder one third continue school in the university track.
The apprenticeship system is a hallmark of the German speaking economies (Switzerland,
Germany, Austria) and a large share of the population follows this more applied educational
path. As early as their seventh grade in school, at the beginning of lower secondary education,
students are put into different educational tracks as a function of their past performance to
date.

The answers to our survey were collected on paper. Individual classes were visited and the
survey was presented to students for immediate completion and collection. Data collection
took place mostly during the first week of the Spring semester of 2017 in order to maximize
the response rate. All undergraduate classes of the Business Administration (BBA) and Busi-
ness and I'T (BWI) degrees were visited at BUAS; at the University of Fribourg, respondents
attended one of two large introductory statistics classes in the Economics program. Respon-
dents in Fribourg were enrolled in three different degree programs: Bachelor in Economics
(VWL), Business Administration (BBA) and Communications (KOMM).
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The questionnaires comprised three groups of questions. Students were first asked about
general information, such as age, gender, nationality, degree chosen and whether they were
enrolled in a part- or full-time program. This was followed by two separate blocks of questions
about professional and personal matters.

The professional section asked students about their preferences regarding a variety of job
attributes and characteristics of the work environment, whether they intended to work full or
part-time upon completion of their degree, industry and occupation where they envisioned
working, the expected wage upon completion of the degree and three years upon graduation,
if they would rather hold a management or a consulting/supporting position.

The personal section inquired about the intent of forming a family, number of desired chil-
dren and intended degree of labor market participation in the presence of children, the labor
market attachment of the respondent’s parents during different stages of childhood (daycare,
Kindergarten and primary school ages of the respondent), type of residence, family composi-
tion, and educational attainment of both parents, among other questions. In total, we gathered
865 questionnaire responses from both educational institutions combined.

While all questionnaires had these three groups of questions, the order in which profes-
sional and personal questions appeared was randomized. In the control version of the ques-
tionnaire, general questions were followed by professional questions, with the personal block
appearing at the end. In another version of the questionnaire, the second group of questions
was about personal matters and the professional block only showed at the end. We labeled this
version as “the different order” version. A third version of the questionnaire retained the ques-
tion order of the control version but introduced a bar graph with information on monthly
gross income in the private sector, according to age and gender. This is the “information” ver-
sion of the survey. It is important to note that this information was not necessarily helpful for
forming expectations about one’s own wage directly upon finishing university of three years
thereafter. This because it neither focused on university graduates nor on years in the labor
market. The information version of questionnaire can be found in Appendix A in S1 Appen-
dix. (As indicated above, the control version was obtained by eliminating the bar graph from
page 1. The “different order” questionnaire swapped question groups A2 and A3, which were
relabeled accordingly).

Fig 1 presents histograms of the expected gross monthly wage variables in our sample, as
follows. The two panels in the top row present expected wages in survey categories. Those
went from 0 (less than CHF 3’500) to 16 (more than CHF 11°000). When respondents selected
two adjacent categories, we recorded this answer as the average of those categories. The figures
on the left column refer to expected wages upon graduation and those on the right column
refer to those three years afterwards. Typical of income data, expected wages display right-
skewness.

Categorical data were converted into monthly values using a procedure in [19]. (The aver-
age of the lower and upper limits of the wage survey categories were assigned to respondents
that had selected those categories; for the lower interval (average gross wage less than CHF
3’500), the assigned wage was 0.75 of the interval’s upper limit and, finally, for the top interval
(average gross wage more than CHF 11°000), the assigned amount was 1.25 times the lower
limit). The resulting expected wages “in levels” are displayed in the middle row of Fig 1.
Finally, the bottom row of Fig 1 presents the logs of the wages in levels, therefore the logs of
the wages displayed in the middle row of the figure.

In the comparison of expected wages from our students to those of comparable graduates,
we resorted to the FH-Lohnstudie (https://www.thschweiz.ch/fh-lohnstudie), a yearly survey
of wages of alumni of all Swiss Universities of Applied Sciences, thus inclusive of the BUAS.
Survey participation is voluntary and elicited by email, and further completed in an electronic
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format. We focused on the 2017 FH-Lohnstudie edition since this was the same year of our
own data collection. The FH-Lohnstudie provides only average wages and no detailed individ-
ual data. For this reason, we are not able to plot the distribution of realized wages for that

survey.

PLOS ONE | https://doi.org/10.1371/journal.pone.0250892  June 2, 2021

7/24


https://doi.org/10.1371/journal.pone.0250892.g001
https://doi.org/10.1371/journal.pone.0250892

PLOS ONE

Gender differences in wage expectations

4 Methodological framework

The decomposition of wage gaps across gender aims at disentangling the total gap into an
explained component that can be attributed to differences in observed labor market relevant
characteristics and an unexplained remainder. In addition to the classical linear decomposi-
tion of [37, 38], non-parametric decomposition methods have for instance been proposed by
[39, 43], as well as methods for decompositions at quantiles rather than means, see [39, 44-49].
Despite these analytical advances, such progress in estimation methods stands in contrast to
the widespread ignorance of identification issues; in particular, the endogeneity of observed
characteristics, as for instance pointed out in [50].

Following [51, 52], we formulate the decomposition in the context of a causal model for
mediation analysis which allows explicating endogeneity issues. Mediation analysis, as for
instance discussed in [53], aims at disentangling the causal mechanisms through which an
explanatory variable affects an outcome, with mediators being intermediate outcomes lying on
the causal pathway between the explanatory variable and the outcome. Applied to gender
decompositions, on the one hand, gender is the explanatory variable at the beginning of any
individual’s causal chain affecting expectational wage, because it is determined at or prior to
birth. Choice of study program, career preferences, and family plans, on the other hand, are
mediators (often referred to as observed characteristics in the wage decomposition literature),
because they occur later in life and are thus potentially influenced by gender, while the media-
tors themselves likely affect wage expectations. Given this causal structure, the explained com-
ponent in the decomposition literature corresponds to the indirect effect of gender on wage
expectations that operates through these mediators. Conversely, the unexplained component
equals the direct effect of gender on wage expectations that operates through unobserved
mediators like unmeasured personality traits.

More formally, let G denote a binary dummy for gender, Y the wage expectations outcome
and X a vector of observed mediators. G may affect Y indirectly via its effect on X i.e. by a
causal mechanism related to observed characteristics. For instance, gender might have an
effect on expected wages because females and males target different job types. G might influ-
ence Y also directly, i.e. through factors not observed in X. A graphical representation of this
causal framework is given in Fig 2, with arrows representing causal effects: G influences Y
either through X or directly. For defining the effects of interest, we denote by Y(g) and X(g) the
potential outcomes and mediators when exogenously setting gender G to value g, with g € {1,
0}. (See for instance [54] for an introduction to the potential outcome framework). Then, E(X
(1)) — E(X(0)) gives the average causal effect of G on mediators X, while E(Y(1)) — E(Y(0)), cor-
responds to the (total) average causal effect of G on Y, represented by the sum of direct and
indirect (i.e. operating through X) effects.

As in [55, 56] (among many others), we further refine the potential outcome notation to
adapt it to the mediation framework: Let Y(g) = Y(g, X(g)), which explicates that the potential
outcome is influenced by the group variable both directly and indirectly via X(g). We can thus
express the total effect of G on Y as E(Y(1)) — E(Y(0)) = E[Y(1, X(1))] — E[Y(0, X(0))] in order

G —m> ¥

N,

Fig 2. Graphical representation of the decomposition.

https://doi.org/10.1371/journal.pone.0250892.9002
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to decompose the latter into direct and indirect effects. That is, the difference in potential out-
comes due to altering X(1) to X(0) while keeping gender fixed at G = 1 yields the indirect effect
(denoted by y), while modifying gender G and keeping the characteristics constant at X(0)
yields the direct effect (17). Summing both up gives the total causal effect, as formally expressed
below:

E[Y(1,X(1))] — E[Y(0,X(0))] = E[Y(1,X(1))] — E[Y(1,X(0))]
v
+E[Y(1,X(0))] — E[Y(0,X(0))]

(1)

n

Depending on whether (the wage expectations of) males or females are considered as reference
group with G = 1, the magnitudes of y and # may differ due to interaction effects between G
and X, i.e. effect heterogeneities in gender. In the application provided in Section 4, we present
the results when considering both females and males as reference group.

The Oaxaca-Blinder decomposition consistently estimates the indirect and direct effects as
the explained and unexplained components, respectively, when both G and X are exogenous.
This rules out confounding of the gender-outcome, gender-mediators, or mediators-outcome
relationship. In addition, the decomposition requires the wage expectations to be linear in the
mediators is also required. Assumption 1 formalizes these restrictions.

Assumption 1 (sequential independence):

(a). {Y(¢,x),X(@)} L Gforallg, g€ {0, 1} and x in the support of X,
(b). Y(¢,x) LX|G=gforallg, g€ {0, 1} and x in the support of X,
(c). Y(g X) islinear X for g € {0, 1},

where ‘L’ denotes statistical independence. Under Assumption 1(a), G quasi-random, i.e.
there are no variables affecting both G on the one hand and Y and/or X on the other hand.
Under Assumption 1(b), observed characteristics like education quasi-random within gender,
i.e. given G, so that there are no affecting both X and Y. (Assumptions 1(a) and 1(b) could be
relaxed to mean independence when considering average wage gaps, while full independence
is required for decompositions of quantiles). Assumption 1(c) imposes potential outcomes to
be linear in X.

As also discussed in [52], under Assumption 1(a), E(X(g)) = E(X|G = g), while under
Assumptions 1(a), 1(b), and 1(c), E[Y(g, x)] = E(Y|G = g X = x) = ¢; + xf3,, with ¢, denoting a
gender-specific constant and f3, a vector of gender-specific coefficients on X. By iterated expec-
tations, E[Y(g, X(¢))] = ¢, + E(X|G = ¢')B, for g, ¢ € {0, 1}. Therefore,

Y = E[Y(1,X(1))] - E[Y(1,X(0))] = [E(X|G = 1) — E(X|G = 0)]f,, (2)

n = E[Y(1,X(0)] - E[Y(0,X(0))] = ¢, — ¢, + E(X|G = 0)(B, — B,)- (3)

The probability limits of the explained and unexplained components in the linear Oaxaca-
Blinder decomposition correspond to the left hand expressions in (2) and (3), respectively.

In this paper, we also consider a semiparametric propensity score weighting approach for
causal mediation analysis suggested in [57], that improves on the Oaxaca-Blinder decomposi-
tion in two dimensions. First, it does not impose linearity of the outcome in the mediators and
second, it allows controlling for observed confounders not influenced by the treatment, hence-
forth denoted by W. We therefore control for a range of socio-economic variables (including
age, nationality, number of siblings, parental education and occupation, material wellbeing) to
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at least mitigate the endogeneity of gender (which is not necessarily random in the two institu-
tions considered) and the mediators. Among W we also include the randomized version of the
questionnaire, i.e. indicators for whether the order of professional and personal questions was
reversed or whether a graph with information on median monthly gross earnings by age and
gender were shown. While the questionnaire version is not related to G due to randomization,
it might potentially affects both X and Y.

Formally, our estimation approach is consistent under Assumption 2, which has among
others also been considered in [58].

Assumption 2 (sequential conditional independence):

(a). {Y(¢,x), X(9)} L G|Wforall¢, g € {0, 1} and x in the support of X,
(b). Y(¢,x) LX|G=g W=wforallg, g€ {0, 1} and x, w in the support of X, W,

(c). Pr(G=1|X=x, W=w) >0and 0 < Pr(G=1|W =w) < 1 for all x, w in the support of X,
w.

Assumptions 2(a) and (b) require that conditional on W, no unobserved confounders either
jointly affect G and Y, G and X, or X and Y given G. We acknowledge that this may not hold in
our empirical application presented further below, given the limited number of observed con-
trol variables. Yet, including control variables likely improves upon conventional wage decom-
positions that do not account for any form of confounding. Assumption 2(c) is a common
support condition, requiring that the conditional probability of belonging to the reference
group (G = 1) given X, W is larger than zero, while the conditional probability given W must
neither be zero nor one. The latter restriction means that for each value of W, there exist both
females and males in the population.

Under Assumption 2, it follows from the results on identification of direct and indirect
effects by inverse probability weighting (IPW) in [57] that

_ Y-G Y -G 1— Pr(G=1X,W)
Vo= {Pr(G—1|W)}_ {Pr(G—1|X,W)' 1—Pr(G—1|W)]’

(4)

, - { Y-G 1—Pr(G_1|X,W)]_{ Y-(1-G) } )

Pr(G=1X,W) 1— Pr(G=1[W) 1— Pr(G=1|W)

In our application, we estimate Pr(G = 1|X = x, W = w) and Pr(G = 1|W = w) by probit regres-
sions and y and 7 by normalized sample analogues of 4 and 5, respectively, implying that the
weights of observations within treatment states sum up to one in our sample. Furthermore, we
drop observations with estimated propensity scores below 2% (or 0.02) and above 98% (or
0.98) to prevent that some observations receive too extreme weights in the estimation of direct
and indirect effects.

In addition to the expectational wage gap decomposition by gender, the empirical analysis
investigates whether the randomized questionnaire version affects the wage expectations of
females and males differently. The questionnaire version is therefore once regarded as control
variable for mediator-outcome confounding in the decomposition, and once as treatment vari-
able to assess its causal effect on wage expectations.

5 Results

We begin our empirical analysis by comparing average wages of students in our sample to
averages of realized wages from comparable graduates. We do so while focusing on the sub-
sample of graduates from the Bern University of Applied Sciences (BUAS) since a recurrent
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Table 1. Descriptives: Realized wages and wage expectations.

Means
Realized
Wages
Wage
Expectations

(own survey)

Sample source Years of Experience Obs Male Obs | Females | % Change Males-Females
FH-Lohn (2017) all ages, BBA, BUAS 26 6116.85 18 5667.54 7.93%
FH-Lohn (2017) age < 30, BBA, all UAS 111 6099.54 100 5776.46 5.59%
Fribourg University & BFH 0 497 | 6858.15 360 6252.43 9.69%
3 498 | 841842 | 360 7546.18 11.56%
Only BFH 0 391 6890.35 | 249 6424.20 7.26%
3 392 | 8430.80 | 249 7564.76 11.45%
Treatment decomposition (BFH only)
Exposed to information (information treatment) 0 130 6947.12 75 6291.67 10.42%
3 129 | 8551.36 75 7553.33 13.21%
No treatment (control group) 0 137 | 6889.60 79 6465.19 6.56%
3 140 8333.04 80 7518.75 10.83%
Different question order (order treatment) 0 124 6831.65 95 6494.74 5.19%
3 123 8415.65 94 7613.03 10.54%

Note: Monthly wages, data from the survey of the Association of Universities of Applied Sciences (FH-Lohnstudie), and our own survey.

https://doi.org/10.1371/journal.pone.0250892.t001

survey of current wages of alumni of these universities is available. As mentioned earlier, edu-
cation at a university of applied sciences is generally of a more applied nature. The conven-
tional university or Gymnasium track is reserved for children who obtained higher grades
along primary school (first to sixth) grades. For this reason, and conditioning on studying for
the same academic degree, graduates from the University of Fribourg are likely to expect
higher wages than graduates from the Bern University of Applied Sciences. This is indeed the
case, for example, for students in Business Administration: while expected wages upon gradua-
tion are virtually identical (roughly 6.9 in terms of salary classes, or CHF 6’950 monthly), they
are CHF 7’135 for Bern and CHF 7°493 for Fribourg three years on). For this reason, we focus
on BUAS students in the comparison between our own survey and reported wages from the
FH-Lohnstudie.

The first two rows of Table 1 contain average gross monthly wages from the FH-Lohnstu-
die, a yearly survey of wages of alumni of all Swiss Universities of Applied Sciences, thus inclu-
sive of the BUAS. (Respondents are asked to report their current yearly gross wages. In
Switzerland, wages are paid in identical monthly amounts except for July and December, when
workers receive one and a half times the wage of the other months. Thus, in order to go from
yearly wages to monthly payments, we scaled the yearly amounts by thirteen). The reported
data concern averages of monthly wages from alumni answers collected in the 2017 survey, the
same calendar year as our in-class survey collection.

We focused on two subsamples of FH-Lohn respondents. In the first row (all ages, BBA,
BUAS), we have the subset of respondents that is closest to our own (BUAS) subsample: these
are respondents who took the same exact Bachelor in Business Administration administered at
the BUAS, and who graduated in 2016. Because the sample size is small (26 males and 18
females, corresponding to 41 and 24% of the total population of graduates by gender, respec-
tively), we considered another partition of respondents, namely those who are younger than
30 years old and who likewise graduated with a Bachelor in Business Administration in 2016,
but now across all universities of applied sciences, not just the BUAS. Average wages for stu-
dents in this latter group are presented in the second row of the table (age < 30, BBA, all
UAS). (There were 161 graduating students at the BUAS in Business Administration in 2016.
Of these, 81 were female and 80 male; 90% of the female graduates (73 students) were younger
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than 30 while the corresponding share for male graduates was 87% (64 students). Thus, the
restriction of being younger than 30 years of age imposed in the partition of the FH-Lohn
respondents considered in the second row of Table 1 does not greatly affect its comparability
with the respondents from the first row).

For males, the reported wages are very similar across the two FH-Lohn groups (the differ-
ence between first and second row average wages is just above 17 Swiss Francs). For women,
the difference is larger (roughly 109 Swiss Francs), with higher average wages coming from the
larger sample (second row). Given the larger sample size, in the comparisons below, we resort
to FH-Lohn respondents who graduated in Business Administration across all Universities of
Applied Sciences in Switzerland as our reference group for averages of realized wages (second
row of Table 1). Rows 3 through 6 include average monthly wages from our own sample (in
levels), first from the full sample of BFH and the University of Fribourg combined, and then
for BFH alone. The bottom 6 rows partition the BFH into three subsamples: the control sub-
sample, the information treated group (which received information on outside wages in their
questionnaire), and the subsample where the order of personal and professional questions was
reversed (but which received no outside wage information).

Our data confirm one stylized fact from the literature ([12, 19]), namely the existence of an
expectational gender wage gap (rows 3 through 10, last column). In particular, for our overall
sample, the expectational gender wage gap is 9.7%, concerning expected wages upon gradua-
tion, and 11.6%, for expected wages three years thereafter. Actual wages from FH-Lohn are
also in line with the well-established (raw) gender wage gap [35], as can be seen in rows 1 and
2, last column). Using the FH-Lohn, we document that expected wages increase over time,
with expectations 3 years ahead of graduation systematically exceeding those for graduation
wages (rows 3 through 10, along “Male” and “Female” columns).

For the purpose of comparing realized wages and wage expectations, the two most similar
groups in Table 1 concern FH-Lohn survey respondents and the subsample of BFH students
in our data. Table 2 computes the percentage excess of the average wage expectations from dif-
ferent BFH subsamples relative to the 2017 average wage from FH-Lohn, the latter from row 2
in the preceding Table. (Since realized wages corresponds to the calendar year immediately
after graduation, we perform those comparisons for expected wages upon graduation only—
and thus ignore expected wages three years thereafter in this exercise).

Since the sample size of the FH-Lohn survey is small and survey response is voluntary, it is
of course possible that FH-Lohn respondents are self-selected and are therefore not a represen-
tative sample of BFH graduates in Business Administration, which we believe our own sample
to be. Self-selection could bias average wages in different ways. Individual differences in the
opportunity cost of time would suggest that average wages in the FH-Lohn sample are biased

Table 2. Deviations from Reality: Percentage differences between expected and realized wages.
Gender Wage differences
Men Women

0 years of experience

BFH (all groups) 12.97 11.21

Exposed to information (information treatment) 13.90 8.92
No treatment (control group) 12.95 11.92

Different question order (order treatment) 12.00 12.43

Note: Gender wage differences are measured as (w” — w)/w, in percentages. Computation based on expected and

realized monthly wages from Table 1.

https://doi.org/10.1371/journal.pone.0250892.t002
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Table 3. Descriptives for experiment.

female

age

Swiss

has siblings

mom has higher education

dad has higher education

mum worked full time when I was 4-6
mum worked part time when I was 4-6
wellbeing

home owner

program: business admin

program: economics

program: communication

program: business I'T

number of observations

down as students with higher wages would be less eager to respond to the survey as their
opportunity cost of doing so is higher. However, having a higher wage is also a reason to want
to respond so as to show one’s success in life when memories from student life are still very
fresh. The net effect of self-selection is therefore not clear. Given this, we interpret the compar-
ison of realized and expected wages below with some caution.

Keeping in mind the possible self-selection in the answers to FH-Lohn, the numbers in
Table 2 suggest that both men and women overestimate their wages relative to those of compa-
rable graduates (all entries are positive). The average of BFH wage expectations for males in
the full sample exceeds by 12.97% actual earnings of similar graduates in 2017. For females,
this gap amounts to 11.21%. The quantitative percent deviation between expected and actual
wages is generally larger for men than for women, with the exception of the “order treatment”
(last row of Table 2).

Table 2 additionally shows how average wage expectations changed for the group that
received outside wage information, as well as for those who received questionnaires with per-
sonal questions ahead of professional ones. For information treated males, average expected
wages appear to increase while, for females, they decline. The opposite occurs for the “order
treatment.” We next proceed to a rigorous analysis of the causal effects of information and
questionnaire randomization treatments on wage expectations.

In what follows, we have divided the variables of our dataset into the following categories:
control variables W, mediators X, outcomes Y (the expected gross wage category directly after
the studies or 3 years later), and G for gender.

To investigate whether randomization was successful. Table 3 reports the means of the con-
trol variables W separately for the control group, for questionnaires with the information treat-
ment, and for those with a reversed order of personal and professional questions. Mean
differences between the means of the respective treatment group and control group as well as

control Treatment: Information Treatment: Order missing

mean mean dif pval mean dif pval

0.39 0.41 0.02 0.59 0.47 0.08 0.06 1
23.06 23.25 0.19 0.35 23.25 0.20 0.34 0
0.89 0.86 -0.03 0.23 0.89 0.00 0.85 0
0.89 0.92 0.03 0.20 0.95 0.06 0.01 5
0.24 0.20 -0.04 0.22 0.20 -0.04 0.26 8
0.39 0.40 0.01 0.80 0.37 -0.02 0.63 13
0.15 0.16 0.01 0.75 0.14 -0.01 0.68 7
0.44 0.45 0.01 0.80 0.41 -0.03 0.42 7
2.41 2.30 -0.11 0.08 2.35 -0.05 0.35 5
0.45 0.40 -0.06 0.18 0.45 -0.01 0.89 8
0.72 0.71 -0.01 0.82 0.72 -0.00 0.90 2
0.04 0.02 -0.02 0.28 0.02 -0.01 0.36 2
0.06 0.08 0.02 0.29 0.07 0.01 0.70 2
0.15 0.13 -0.02 0.41 0.14 -0.01 0.70 2
298 277 293

Note: ‘mean’, ‘dif’, and ‘pval’ reports the respective means, mean differences and p-values of the mean differences. ‘missing’ provides the number of missing observations

in the respective variable.

https://doi.org/10.1371/journal.pone.0250892.t003
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Table 4. Intervention effects.

female
est se

mean differences -0.19 0.33
OLS with controls -0.26 0.33
double lasso -0.36 0.33
mean among controls 5.97
mean differences 0.14 0.33
OLS with controls -0.01 0.35
double lasso -0.07 0.34
mean among controls 8.47

p-values of mean difference tests are also provided. Balance appears to be decent (albeit not
perfect), as only 3 differences are significant at the 10% level and only 1 is at the 1% level.

Table 4 reports the results of the treatments on either outcome separately for females and
males. The first row (‘mean differences’) presents the experimental estimate based on mean
differences in outcomes between the respective treatment group and the control observations.
(Wage expectations after studying and three years later are not reported for 10 and 9 observa-
tions, respectively, that are dropped from the analysis). The second row (‘OLS with controls’)
provides the estimated when linearly conditioning on W based on OLS to control for any
imbalances in the potential confounders. (38 observations with either missings in W or Y are
dropped from the analysis). The third row (‘double lasso’) presents the results when using
(double) lasso-based estimation of the treatment propensity score Pr(G = 1|W) and of the out-
come E(Y|G, W) to estimate the treatment effect by semiparametric doubly robust estimation
(see [59]). To this end, we use the ‘rlassoATE’ command with its default options of the hdm’
package by [60] for the statistical software ‘R’. This method controls for elements in Win a
data-driven way under the assumption of approximate sparsity, i.e. that relatively few variables
suffice for tackling most of treatment-outcome confounding.

Concerning the information treatment, it is worth noting that the gender wage gap of the
displayed age categories 20-29 and 30-39 is roughly in line with the average expectational wage
gap in the group with the control version of the experiment (see ‘mean among controls’ for
males vs. females). However, the expected average wage levels in the control groups are consid-
erably lower than in the graph of the information treatment. The effect estimates (‘est’) suggest
that the information treatment increased males’ wage expectations three years after studying
by roughly 0.6 categories (or 300 CHF). This finding advances the literature by showing not
only that both men and women overestimate their earnings (see [6, 10, 11]); but also we show
evidence that male confidence remains even when information is provided, as well as the
implications of gender differences in wage expectations for widening the gender expectational
gap.

These estimates are marginally statistically significant at the 10% level across the three
methods considered, see the heteroscedasticity robust standard errors (‘se’) and p-values

Treatment: Information Treatment: Order
male female male
pval est se pval est se pval est se pval

outcome: gross wage category after studying

0.57 0.23 0.27 0.38 0.26 0.28 0.37 -0.09 0.27 0.74
0.43 0.27 0.29 0.36 0.22 0.28 0.42 -0.18 0.28 0.53
0.28 0.23 0.30 0.44 0.18 0.28 0.53 -0.14 0.28 0.63
7.11 5.97 7.11
outcome: gross wage category 3 yrs after studying
0.68 0.62 0.32 0.05 0.14 0.32 0.66 -0.21 0.31 0.51
0.97 0.61 0.34 0.08 0.05 0.32 0.86 -0.18 0.32 0.58
0.84 0.60 0.34 0.07 0.05 0.31 0.88 -0.19 0.32 0.54
9.91 8.47 9.91

Note: ‘est’, ‘se’, and ‘pval’ reports the ATE estimates, heteroscedasticity robust standard errors, and p-values for the mean difference estimator (‘mean differences’), OLS

controlling for W (‘OLS with controls’), and doubly robust estimation based on separate lasso estimations of the propensity score and the conditional mean outcome

(‘double lasso’). The mean value of the outcome in the control group (‘mean among controls’) is also reported. Dependent variable in survey monthly-wage categories.

https://doi.org/10.1371/journal.pone.0250892.t004

PLOS ONE | https://doi.org/10.1371/journal.pone.0250892  June 2, 2021 14/24


https://doi.org/10.1371/journal.pone.0250892.t004
https://doi.org/10.1371/journal.pone.0250892

PLOS ONE

Gender differences in wage expectations

(‘pval’). Therefore, the information treatment might increase the expectational gender wage
gap, even though effect differences across gender are not statistically significant at the 10%
level when running the ‘mean differences’ and ‘OLS with controls’ analyses in a pooled sample
of females and males that also includes a treatment-gender interaction as regressor. Further-
more, the information treatment exacerbates over-confidence among males, as early career
wages among university graduates are actually lower than expected by both males and females
(even without information treatment), see Table 2. In contrast, the treatment did neither statis-
tically significantly affect males’ wage expectations directly after studying (albeit point esti-
mates are again positive) nor female expectations in either period. Secondly, reversing the
order of the professional and personal questions did not show any significant impact on wage
expectations.

Finally, we address our second question, namely whether or not the inclusion of a broad set
of controls, focusing not only on professional preferences but also on personal ones, suffices to
account for the direct, unexplained effect of gender on wage expectations commonly found in
the literature.

Table 5 reports descriptive statistics for control variables W, mediators X, and outcomes Y,
separately by gender G. The first 4 columns of Table 5 provide the means of (non-missing val-
ues of) the respective variables by gender, mean differences across gender, and the p-values of
differences-in-means tests for the original sample. We observe that females and males differ
importantly in a range of characteristics like the choice of study program, age, targeted indus-
try and occupation, as well as preferences over job attributes.

The last 2 columns of Table 5 provide mean differences across gender and p-values after
reweighing treated observations by the inverse of the probit estimate of the propensity score Pr
(G = 1]X, W) and non-treated observations by the inverse of the estimate of 1 — Pr(G = 1|X,
W). (65 observations are dropped due to missing values in W, X, or G). Such reweighing allows
assessing whether the propensity score utilized in our IPW procedure (see Table 7 below) suc-
cessfully balances differences in W and X across gender as required for evaluating the
explained and unexplained components. This indeed appears to be the case when dropping
observations with extreme propensity scores below 0.02 or above 0.98 (such that trimming is
equal to 0.02 as in Table 7), as most p-values are beyond statistical levels of significance. Only 3
differences in elements of W or X are statistically significant at the 10% level, while no differ-
ence is significant at the 5% level. S1 Fig in S1 Appendix displays the propensity score distribu-
tions separately for females and males and demonstrates that they decently overlap.

Table 6 provides the results of the Oaxaca-Blinder decomposition when considering two
sets of mediators. In the first approach (‘Mediators X (first part)’), we only include those X var-
iables that are related to characteristics typically observed and considered in wage decomposi-
tions, namely the study program, job or educational plans after finishing the BA studies, as
well as the intended industry, occupation, and job position. In our second approach, we add
variables that are typically not observed in data sets used for wage decompositions but which
are available in our questionnaire (‘Mediators X (first and second part)’): preferences about
job attributes and the work environment, as well as preferences and plans concerning work
and family life. We report the indirect and direct effects (or explained and unexplained com-
ponents) when considering either females (‘indir.f, ‘dir.f’), or—as is common in wage decom-
positions—males (‘indir.m’, ‘dir.m’) as the reference group (G = 1). In either case, the direct
and indirect effects sum up to the average total gap in wage expectations, defined as the mean
difference between males and females (‘total m-f). The results are presented for two outcomes,
namely the expected gross wage category after finishing the studies and three years later.
Besides the point estimates (‘est’), standard errors (‘se’) and p-values (‘pval’) based on 499
bootstrap replications are reported.
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Table 5. Descriptives and balance tests for covariates and mediators.

Original sample After re-weighting
mean females mean males difference p-value difference p-value
Control variables W
age 22.84 23.44 0.60 0.00 -0.01 0.92
Swiss 0.88 0.88 -0.00 0.92 -0.01 0.62
has siblings 0.92 0.92 -0.00 0.85 -0.03 0.14
mom has higher education 0.23 0.20 -0.03 0.31 0.00 0.93
dad has higher education 0.42 0.37 -0.05 0.13 -0.00 0.98
mum worked full time when I was 4-6 0.21 0.11 -0.09 0.00 0.01 0.57
mum worked part time when I was 4-6 0.44 0.43 -0.01 0.71 -0.00 0.93
wellbeing 2.35 2.36 0.01 0.80 0.04 0.39
home owner 0.44 0.43 -0.01 0.83 -0.04 0.11
treatment: information 0.31 0.33 0.01 0.67 0.02 0.41
treatment: order 0.37 0.31 -0.06 0.07 -0.00 0.91
Mediators X (first part): study program, professional plans, intended industry and occupation
program: business admin 0.71 0.72 0.02 0.58 -0.01 0.70
program: economics 0.03 0.03 0.00 0.96 0.00 0.97
program: communication 0.13 0.03 -0.11 0.00 0.02 0.40
program: business IT 0.07 0.19 0.13 0.00 -0.00 0.93
future plans: work full time 0.64 0.61 -0.04 0.25 0.05 0.09
future plans: education 0.44 0.44 -0.00 0.96 -0.03 0.39
industry: construction 0.01 0.03 0.01 0.10 -0.03 0.09
industry: trade and sales 0.40 0.50 0.11 0.40 0.07 0.22
industry: transport and warehousing 0.02 0.03 0.01 0.23 -0.01 0.66
industry: hospitality and restaurants 0.05 0.01 -0.04 0.00 -0.01 0.31
industry: information and communication 0.38 0.31 -0.08 0.02 0.03 0.36
industry: finance and insurance 0.28 0.44 0.16 0.00 0.03 0.35
industry: consulting 0.12 0.16 0.03 0.14 -0.02 0.44
industry: education and science 0.12 0.08 -0.04 0.05 -0.01 0.62
industry:health and social care 0.06 0.04 -0.02 0.17 -0.01 0.71
occupation: general/strategic management 0.25 0.37 0.12 0.00 -0.01 0.71
occupation: marketing 0.35 0.27 -0.08 0.01 -0.04 0.23
occupation: controlling 0.10 0.15 0.05 0.03 0.00 0.89
occupation: finance 0.20 0.29 0.10 0.00 0.01 0.59
occupation: sales 0.07 0.11 0.04 0.03 -0.02 0.31
occupation: technical/engineering 0.05 0.11 0.06 0.00 -0.04 0.14
occupation: human resources 0.22 0.08 -0.14 0.00 0.00 1.00
position: manager 0.29 0.45 0.17 0.00 0.02 0.50
Mediators X (second part): job expectations/views, preferences and plans concerning work and family life
expect: well paid 391 3.90 -0.01 0.84 -0.04 0.43
expect: invest in employees 4.37 4.16 -0.20 0.00 -0.01 0.89
expect: good relations with boss 4.54 4.25 -0.29 0.00 0.10 0.08
expect: job security 4.05 3.73 -0.32 0.00 0.04 0.51
expect: family friendly 3.60 2.81 -0.78 0.00 0.03 0.69
expect: interesting tasks 3.98 3.80 -0.18 0.01 0.04 0.50
expect: identification with work 3.78 3.54 -0.24 0.00 0.06 0.32
expect: priorities are flexible 3.62 3.50 -0.12 0.06 -0.05 0.43
views: fast decision making 2.94 3.04 0.10 0.08 0.01 0.80
(Continued)
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Table 5. (Continued)

Original sample After re-weighting
mean females mean males difference p-value difference p-value

views: competitive atmosphere 2.87 3.20 0.33 0.00 -0.06 0.31

views: self responsibility 3.56 3.77 0.21 0.01 0.02 0.81

views:hierarchical structure 2.70 2.94 0.24 0.00 -0.06 0.43

stable partnership in 5-10 years 0.79 0.71 -0.08 0.01 0.02 0.58

preference for family 0.22 0.32 0.10 0.00 0.01 0.64

preference for career 0.02 0.06 0.03 0.01 0.00 0.92

wants children (0 = no, 1 = maybe, 2 = yes) 1.67 1.70 0.03 0.49 -0.04 0.47

Outcomes Y

gross wage category after studying 6.01 7.16 1.15 0.00
gross wage category 3 yrs after studying 8.57 10.04 1.48 0.00

Note: Trimming is 0.02 for the balancing tests after re-weighting, such that observations with propensity scores smaller than 0.02 or larger than 0.98 are dropped.

Monthly wages expressed in survey categories.

https://doi.org/10.1371/journal.pone.0250892.t005

The expectational wage gap between males and females amounts to more than one category
(or 500 CHF) for wages after studying, and to more than 1.4 categories three years later. This
corresponds to roughly 19 and 17% of female average expected wages upon graduation and
three years thereafter. The wage gap is driven by both observed characteristics X and unex-
plained factors. Furthermore, when the set of variables in X is extended from the subset to all
mediators, the magnitude of the indirect effect (or explained component) increases and that of
the direct effect (unexplained component) decreases. However, for either outcome, reference
group and definition of mediators, both direct and indirect effects remain statistically signifi-
cant at the 10% level or less, suggesting that even our atypically rich set of mediators cannot
fully explain the expectational gender wage gap when resorting to the Oaxaca-Blinder decom-
position. ([23] also decompose the expectational gender wage gap trough an Oaxaca-Blinder

Table 6. Oaxaca-Blinder decomposition.

Mediators X (first part) Mediators X (first and second part)

total m-f indir.f | dir.f indir.m dir.m total m-f indir.f ‘ dir.f ‘ indir.m | dir.m

outcome: gross wage category after studying

est 1.12 0.43 0.69 0.58 0.55 1.07 0.49 0.58 0.69 0.38

se 0.16 0.15 0.22 0.16 0.22 0.16 0.19 0.23 0.19 0.23

pval 0.00 0.00 0.00 0.00 0.01 0.00 0.01 0.01 0.00 0.10
missings 45 72

outcome: gross wage category 3 yrs after studying

est 1.44 0.55 0.89 0.68 0.76 1.41 0.50 0.91 0.78 0.63

se 0.18 0.16 0.23 0.16 0.22 0.19 0.22 0.27 0.21 0.26

pval 0.00 0.00 0.00 0.00 0.00 0.00 0.02 0.00 0.00 0.02
missings 45 72

Note: ‘total m-f'provides the total expectational wage gap between males and females., ‘indir.f and ‘dir.f give the indirect (or explained) and direct (or unexplained)
components when females are the reference group. ‘indir.m’ and ‘dir.m’ give the respective components when males are the reference group. Point estimates (‘est’) as
well as standard errors (‘se’) and p-values (‘pval’) based on 499 bootstrap replications are reported. ‘missings’ provides the numbers of dropped observations due to
missingness in variables. Please refer to Table 5 for the list of mediators considered. Dependent variable in survey monthly-wage categories.

https://doi.org/10.1371/journal.pone.0250892.t006
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Table 7. Decomposition with trimming equal to 0.02.

Mediators X (first part) Mediators X (first and second part)
total m-f indir.f dir.f indir.m dir.m total m-f indir.f dir.f indir.m dir.m

outcome: gross wage category after studying

est 1.06 0.37 0.69 0.56 0.50 0.94 0.45 0.49 0.65 0.29
se 0.17 0.18 0.24 0.17 0.22 0.18 0.24 0.27 0.30 0.34
pval 0.00 0.04 0.01 0.00 0.02 0.00 0.06 0.07 0.03 0.39
missings / trimmed 45 / 3 72 / 25
outcome: gross wage category 3 yrs after studying
est 1.37 0.50 0.87 0.67 0.71 1.29 0.48 0.81 0.81 0.48
se 0.17 0.19 0.25 0.16 0.21 0.19 0.31 0.34 0.25 0.28
pval 0.00 0.01 0.00 0.00 0.00 0.00 0.12 0.02 0.00 0.09
missings / trimmed 45 / 4 72 / 20

Note: ‘total m-fprovides the total expectational wage gap between males and females., ‘indir.f and ‘dir.f give the indirect (or explained) and direct (or unexplained)
components when females are the reference group. ‘indir.m’ and ‘dir.m’ give the respective components when males are the reference group. Point estimates (‘est’) as
well as standard errors (‘se’) and p-values (‘pval’) based on 499 bootstrap replications are reported. ‘missings’ and ‘trimmed’ provide the numbers of dropped
observations due to missingness in variables and extreme propensity scores, respectively. Refer to Table 5 for the list of mediators considered. Dependent variable in

survey monthly-wage categories.

https://doi.org/10.1371/journal.pone.0250892.t007

decomposition and present their results with the female as the reference. There, explained and
unexplained components of the gap are roughly equal in size. In our decomposition, the unex-
plained part is larger (e.g. ‘dir.f is about 20% larger than ‘indir.f for the graduation time hori-
zon—~0.58 compared to 0.49—and about 80% as large three years afterwards, when all
mediators are included—0.91 compared to 0.5)).

Table 7 reports the results for IPW, which allows controlling for potential confounders W
and relaxing linearity assumptions. We to this end use the ‘medweight’ command of the ‘cau-
salweight’ package by [61] for the statistical software ‘R’, with trimming set to 0.02 and 499
bootstrap replications for the estimation of the standard errors. Even though the precision of
estimation is somewhat lower than before, the results bear qualitative similarities to the
Oaxaca-Blinder decomposition in that both direct and indirect effects generally remain impor-
tant for explaining the expectational wage gap. However, focusing on the more commonly
used wage decomposition in the literature (which takes the male wage as the reference), the
unexplained part of the gender gap in wage expectations (‘dir.m’) is greatly reduced when all
mediators are included and loses statistical significance (p-value of 0.39 for wage expectations
upon graduation and 0.09 for three years on). Conversely, the magnitude of the indirect effect
increases (when we go from a subset of mediators to the full sample) and retains statistical sig-
nificance. Using a larger trimming threshold of 0.04 results in quite stable results (S1 Table in
S1 Appendix).

We additionally performed the Oaxaca-Blinder decomposition as well as the IPW approach
(with a trimming threshold of 0.02 and 0.04) when considering the logarithm of the expected
wage category as the outcome (52-S4 Tables in S1 Appendix). The results of the Oaxaca-
Blinder decomposition are mostly qualitatively unaffected by this transformation of the out-
come. As for the IPW decomposition, using the log expected wage as an outcome reinforces
the relevance of considering the broader set of mediators in our dataset as the direct unex-
plained effect of gender becomes very small and statistically insignificant when males are the
reference both for expectations at graduation and three years thereafter and for either
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Table 8. Disentangling the contributions of professional and personal mediators (trimming equal to 0.02).

Professional Mediators Only All Mediators
total m-f indir.f dir.f indir.m dir.m total m-f indir.f dir.f indir.m dir.m

outcome: gross wage category after studying

est 1.01 0.38 0.63 0.54 0.47 0.94 0.45 0.49 0.65 0.29
se 0.17 0.20 0.25 0.18 0.23 0.18 0.24 0.27 0.30 0.34
pval 0.00 0.06 0.01 0.00 0.04 0.00 0.06 0.07 0.03 0.39
missings / trimmed 72 / 8 72 / 25
outcome: gross wage category 3 yrs after studying
est 1.31 0.34 0.97 0.65 0.67 1.29 0.48 0.81 0.81 0.48
se 0.19 0.26 0.31 0.21 0.25 0.19 0.31 0.34 0.25 0.28
pval 0.00 0.19 0.00 0.00 0.01 0.00 0.12 0.02 0.00 0.09
missings / trimmed 45 / 4 72 / 20

Note: ‘total m-fprovides the total expectational wage gap between males and females., ‘indir.f and ‘dir.f give the indirect (or explained) and direct (or unexplained)
components when females are the reference group. ‘indir.m’ and ‘dir.m’ give the respective components when males are the reference group. Point estimates (‘est’) as
well as standard errors (‘se’) and p-values (‘pval’) based on 499 bootstrap replications are reported. ‘missings’ and ‘trimmed’ provide the numbers of dropped
observations due to missingness in variables and extreme propensity scores, respectively. Personal mediators: those listed in the bottom four rows of Table 5;
professional mediators are all of those remaining in the same table. Dependent variable is survey monthly-wage categories.

https://doi.org/10.1371/journal.pone.0250892.t008

trimming setting. The bulk of the evidence thus points toward a mitigated direct effect of gen-
der on wage expectations once professional and personal preferences are taken into
consideration.

We take an additional step in our decomposition of gender differences in wage expectations
by considering yet another partition of the set of mediators. Specifically, we consider now the
case when only professional mediators are included in the analysis, and then add those that are
exclusively of a personal nature. The latter are listed in the bottom four rows of Table 5, middle
section (Mediators X (second part)), from ‘stable partnership’ to ‘wants children.” The profes-
sional ones are all of the remaining in the rows above. This new partition allows us to assess
the quantitative and qualitative relevance of professional versus personal factors in the deter-
mination of gender differences in wage expectations.

Table 8 shows the results for wage expectations upon graduation (and trimming set to
0.02). Top and bottom panels on the left show results including only professional mediators
whereas the panels on the right include all mediators and simply replicate the results of the
corresponding panels (top and bottom right) in Table 7 for visual convenience. Table 9 further
presents the results in Table 8 but now in percentage form: each number in Table 9 is pre-
sented as a fraction of the full effect (‘total m-f) in the corresponding panel from Table 8.

Let us now re-examine the impact of gender on wage expectations at graduation. When
considering only professional mediators (Table 8), all direct and indirect effects are statistically
significant. Having the male wage as the reference, direct and indirect effects are of similar
magnitude (0.47 and 0.54 respectively). When personal mediators are added to the analysis,
the indirect effect increases and the direct effect declines; further, the direct effect when the
male wage is the reference loses significance. As stated, Table 9 recasts the contribution of
direct and indirect effects as percentages of the total effect. Comparing the left and right panels
of this table, we see that the inclusion of personal mediators raises the share of the indirect
effect (male wage is the reference) from 53.5% to 69.2% of the total effect, while the share
accounted for by the direct effect declines from 46.5% to 30.9%. Thus, personal mediators con-
tribute to a sizeable quantitative reduction and to a loss in statistical significance in the
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Table 9. Disentangling the contributions of professional and personal mediators in percent of the total effect (trimming equal to 0.02).

Professional Mediators Only (in% of total m-f) All Mediators (in% of total m-f)

total m-f indir.f dir.f indir.m dir.m total m-f indir.f dir.f indir.m dir.m

outcome: gross wage category after studying

est 100 37.62 62.38 53.47 46.53 100 47.87 52.13 69.15 30.85
se 0.17 0.20 0.25 0.18 0.23 0.18 0.24 0.27 0.30 0.34
pval 0.00 0.06 0.01 0.00 0.04 0.00 0.06 0.07 0.03 0.39
missings / trimmed 72 / 8 72 / 25
outcome: gross wage category 3 yrs after studying
est 100 25.95 74.05 49.62 51.15 100 37.21 62.79 62.79 37.21
se 0.19 0.26 0.31 0.21 0.25 0.19 0.31 0.34 0.25 0.28
pval 0.00 0.19 0.00 0.00 0.01 0.00 0.12 0.02 0.00 0.09
missings / trimmed 45 / 4 72 / 20

Note: This table replicates Table 8 while recalculating the individual effects in percentage of the corresponding average total effect indicated as ‘total m-f. Please refer to

the notes of Table 8 for additional information.

https://doi.org/10.1371/journal.pone.0250892.t009

unexplained part of the gender expectational wage gap. (Personal mediators alone explain vir-
tually nothing of the indirect effect of gender on wage expectations (not shown). When the
decomposition taking the male as the reference is considered, the coefficient on the indirect
effect is -.04 (p-value of 0.49) and the coefficient on the direct effect is 1.4 (p-value of 0.00), for
a total effect of 1.35). As the bottom panels in Tables 8 and 9 show, results for the longer time
horizon are qualitatively similar. S5 and S6 Tables in S1 Appendix repeat the results above for
trimming set to 0.04 with similar conclusions. (Under the Oaxaca-Blinder decomposition (not
shown), there is virtually no numerical change associated with the inclusion of personal effects
for wage expectations upon graduation. There is a small change in the longer time horizon
augmenting the indirect effect and reducing the direct one, when the male wage is the
reference).

6 Conclusion

Using novel survey data from students from the Business School of the Bern University of
Applied Science (BUAS) and the Faculty of Economic and Social Sciences of the University of
Fribourg, this paper advances the literature related to gender differences in wage expectations
in two specific ways. First, it determines whether these gender differences are rational by com-
paring expected wages from our respondents to realized wages from comparable graduates;
and, further, by investigating how respondents adjust their wage expectations when informa-
tion about actual wages is provided. Second, using an inverse probability weighting method in
the context of causal mediation, it examines whether the consideration of a rich set of profes-
sional and personal controls accounts for the difference in wage expectations across gender.

In line with the literature, we confirm the presence of gender differences in wage expecta-
tions in our survey results. The difference between male and female expected wages is about
one salary class (CHF500) upon graduation and roughly 1.4 salary classes three years thereafter
(roughly 19 and 17% of female average expected wages, respectively). The evidence suggests
that both males and females overestimate their wages relative to realized wages from compara-
ble graduates. Further, results from an information intervention—about median wages earned
in Switzerland—show that males alone (incorrectly) revise their expected wages upward by
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about 0.6 of a salary class (CHF300) when forecasting wages three years after graduation. This
is possibly the result of over-confidence.

Using mediation analysis (which permits explicating endogeneity issues), we find that the
inclusion of a rich set of personal and professional mediators—not commonly included in sur-
vey data—greatly reduces the direct, unexplained effect of gender on wage expectations. While
personal mediators alone do not contribute to the indirect effect of gender on wage expecta-
tions, when added to professional mediators they lead to a reduction of about 30% in the con-
tribution of the direct effect of gender on wage expectations and to a similar increase in the
indirect effect (when the decomposition of these effects takes the male as the reference). Fur-
ther, when professional and personal mediators are jointly considered, the direct, unexplained
effect of gender is greatly attenuated, both in size as well as in statistical significance. Nonethe-
less, a non-negligible and statistically significant direct (or unexplained) effect of gender on
wage expectations remains in several, but not all specifications. Our results are stable under
different specifications and trimming thresholds.

Supporting information

S1 Appendix.
(PDF)

Acknowledgments

We are grateful for the comments of the editor and two anonymous referees. We also benefit-
ted from comments by conference participants at the 9 ifo Dresden Workshop on Labor Eco-
nomics and Social Policy, the 2019 Annual Congress of the Peruvian Economic Association,
the 2019 Annual Congress of the Swiss Society for Economics and Statistics and the 2020
Engelberg SKIL Seminar.

Author Contributions

Conceptualization: Ana Fernandes, Martin Huber, Giannina Vaccaro.
Data curation: Ana Fernandes, Martin Huber, Giannina Vaccaro.

Formal analysis: Ana Fernandes, Martin Huber, Giannina Vaccaro.
Funding acquisition: Giannina Vaccaro.

Investigation: Ana Fernandes, Martin Huber.

Methodology: Ana Fernandes, Martin Huber.

Writing - original draft: Ana Fernandes, Martin Huber, Giannina Vaccaro.

Writing - review & editing: Ana Fernandes, Martin Huber, Giannina Vaccaro.

References

1. Blau FD, Kahn LM. The Gender Wage Gap: Extent, Trends, and Explanations. Journal of Economic Lit-
erature. 2017; 55(3):789-865. https://doi.org/10.1257/jel.20160995

2. Freeman RB. The Market for College Trained Man-power. Cambridge, Massachussetts: Harvard Uni-
versity Press; 1971.

3. SchweriJ, Hartog J. Do wage expectations predict college enroliment? Evidence from healthcare. Jour-
nal of Economic Behavior and Organization. 2017; 141:135-150. https://doi.org/10.1016/j.jebo.2017.
06.010

PLOS ONE | https://doi.org/10.1371/journal.pone.0250892  June 2, 2021 21/24


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0250892.s001
https://doi.org/10.1257/jel.20160995
https://doi.org/10.1016/j.jebo.2017.06.010
https://doi.org/10.1016/j.jebo.2017.06.010
https://doi.org/10.1371/journal.pone.0250892

PLOS ONE

Gender differences in wage expectations

10.

11.

12

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.

Dominitz J, Manski CF. Eliciting Student Expectations of the Returns to Schooling. The Journal of
Human Resources. 1996; 31(1):1-26. https://doi.org/10.2307/146041

Schweri J, Hartog J, Wolter SC. Do students expect compensation for wage risk? Economics of Educa-
tion Review. 2011; 30(2):215-227. https://doi.org/10.1016/j.econedurev.2010.12.001

Betts JR. What Do Students Know about Wages? Evidence from a Survey of Undergraduates. Journal
of Human Resources. 1996; 31(1):27-56. https://doi.org/10.2307/146042

Wiswall M, Zafar B. Determinants of College Major Choice: Identification using an Information Experi-
ment. Review of Economic Studies. 2015; 82(2):791-824. https://doi.org/10.1093/restud/rdu044

Wiswall M, Zafar B. How Do College Students Respond to Public Information About Earnings? Journal
of Human Capital. 2015; 9(2):117—-169. https://doi.org/10.1086/681542

KléBner S, Pfeifer G. The Importance of Tax Adjustments When Evaluating Wage Expectations. The
Scandinavian Journal of Economics. 2019; 121(2):578-605. https://doi.org/10.1111/sjoe.12296

Smith HL, Powell B. Great Expectations: Variations in Income Expectations Among College Seniors.
Sociology of Education. 1990; 63(3):194—207. https://doi.org/10.2307/2112837

Heckert TM, Droste HE, Adams PJ, Griffin CM, Roberts LL, Mueller MA, et al. Gender Differences in
Anticipated Salary: Role of Salary Estimates for Others, Job Characteristics, Career Paths, and Job
Inputs. Sex Roles. 2002; 47(3):139-151. https://doi.org/10.1023/A:1021095005694

Kiessling L, Pinger P, Seegers P, Bergerhoff J. Gender Differences in Wage Expectations: Sorting, Chil-
dren, and Negotiation Styles. CESifo Working Paper. 2019; (7827).

Bonnard C, Giret JF. Gender differences in French undergraduates’ academic plans and wage expecta-
tions. Gender and Education. 2016; 28(4):581-598. https://doi.org/10.1080/09540253.2016.1156060

Martin BA. Gender Differences in Salary Expectations When Current Salary Information is Provided.
Psychology of Women Quarterly. 1989; 13(1):87-96. https://doi.org/10.1111/j.1471-6402.1989.
tb00987.x

Das M, van Soest A. A panel data model for subjective information on household income growth. Jour-
nal of Economic Behavior & Organization. 1999; 40(4):409—-426. https://doi.org/10.1016/S0167-2681
(99)00062-1

Major B, Konar E. An Investigation of Sex Differences in Pay Expectations and Their Possible Causes.
The Academy of Management Journal. 1984; 27(4):777-792. https://doi.org/10.2307/255878

McFarlin DB, Frone MR, Major B, Konar E. Predicting career-entry pay expectations: The role of gen-
der-based comparisons. Journal of Business and Psychology. 1989; 3(3):331-340. https://doi.org/10.
1007/BF01023050

Hogue M, DuBois CLZ, Fox-Cardamone L. Gender Differences in Pay Expectations: The Roles of Job
Intention and Self-View. Psychology of Women Quarterly. 2010; 34(2):215-227. https://doi.org/10.
1111/j.1471-6402.2010.01563.x

Filipin A, Ichino A. Gender wage gap in expectations and realizations. Labour Economics. 2005;
12:125-145. https://doi.org/10.1016/j.labeco.2004.03.004

Brunello G, Lucifora C, Winter-Ebmer R. The Wage Expectations of European Business and Econom-
ics Students. Journal of Human Resources. 2004; 39(4).

Gasser M, Flint N, Tan R. Reward Expectations: The Influence of Race, Gender and Type of Job. Jour-
nal of Business and Psychology. 2000; 15(2):321-329. https://doi.org/10.1023/A:1007876103048

Osikominu A, Pfeifer G. Perceived wages and the gender gap in STEM fields. Stuttgart: Universitat
Hohenheim, Fakultat Wirtschafts- und Sozialwissenschaften; 2018. 03-2018. Available from: http://hdl.
handle.net/10419/175405.

Briel S, Osikominu A, Pfeifer G, Reutter M, Satlukal S. Overconfidence and Gender Differences in
Wage Expectations. Bonn; 2020. 13517. Available from: http://hdl.handle.net/10419/223959.

Zhang X, Zheng Y. Gender differences in self-view and desired salaries: A study on online recruitment
website users in China. PLOS ONE. 2019; 14(1):1-17. https://doi.org/10.1371/journal.pone.0210072

Niederle M, Vesterlind L. Do women shy away from competition? Do men competer too much? The
Quarterly Journal of Economics. 2007; 3(122):1067—-1101.

Buser N Thomas; Peter, Wolter S. Gender, Willingness to Compete and Career Choices along the
Whole Ability Distribution; 2017. 1ZA DP 10976.

Barron LA. Ask and you shall Receive? Gender Differences in Negotiators’ Beliefs about Requests for a
Higher Salary. Human Relations. 2003; 56(6):635—662. https://doi.org/10.1177/00187267030566001

Reuben E, Wiswall M, Zafar B. Preferences and Biases in Educational Choices and Labour Market
Expectatios: Shrinking the Black Box of Gender. The Economic Journal. 2015; 127(604):2153-2186.

PLOS ONE | https://doi.org/10.1371/journal.pone.0250892  June 2, 2021 22/24


https://doi.org/10.2307/146041
https://doi.org/10.1016/j.econedurev.2010.12.001
https://doi.org/10.2307/146042
https://doi.org/10.1093/restud/rdu044
https://doi.org/10.1086/681542
https://doi.org/10.1111/sjoe.12296
https://doi.org/10.2307/2112837
https://doi.org/10.1023/A:1021095005694
https://doi.org/10.1080/09540253.2016.1156060
https://doi.org/10.1111/j.1471-6402.1989.tb00987.x
https://doi.org/10.1111/j.1471-6402.1989.tb00987.x
https://doi.org/10.1016/S0167-2681(99)00062-1
https://doi.org/10.1016/S0167-2681(99)00062-1
https://doi.org/10.2307/255878
https://doi.org/10.1007/BF01023050
https://doi.org/10.1007/BF01023050
https://doi.org/10.1111/j.1471-6402.2010.01563.x
https://doi.org/10.1111/j.1471-6402.2010.01563.x
https://doi.org/10.1016/j.labeco.2004.03.004
https://doi.org/10.1023/A:1007876103048
http://hdl.handle.net/10419/175405
http://hdl.handle.net/10419/175405
http://hdl.handle.net/10419/223959
https://doi.org/10.1371/journal.pone.0210072
https://doi.org/10.1177/00187267030566001
https://doi.org/10.1371/journal.pone.0250892

PLOS ONE

Gender differences in wage expectations

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

4,

42,

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

Patnaik A, Venator J, Wiswall M, Zafar B. The Role of Heterogeneous Risk Preferences, Discount
Rates, and Earnings Expectations in College Major Choice. Journal of Econometrics. forthcoming;.

Gibson DE, Lawrence BS. Women'’s and Men'’s Career Referents: How Gender Composition and Com-
parison Level Shape Career Expectations. Organization Science. 2010; 21(6):1159—-1175. https://doi.
org/10.1287/orsc.1090.0508

Bordalo P, Coffman K, Gennaioli N, Shleifer A. Beliefs about Gender. American Economic Review.
2019; 109(8):739-73. https://doi.org/10.1257/aer.20170007

Goldin C. A Grand Gender Convergence: Its Last Chapter. American Economic Review. 2014; 104
(4):1091-1119. https://doi.org/10.1257/aer.104.4.1091

Adda J, Dustmann C, Stevens K. The Career Costs of Children. Journal of Political Economy. 2017;
125(2):293-337. https://doi.org/10.1086/690952

Chevalier A. Education, Occupation and Career Expectations: Determinants of the Gender Pay Gap for
UK Graduates. Oxford Bulletin of Economics and Statistics. 2007; 69(6):819-842. https://doi.org/10.
1111/j.1468-0084.2007.00483.x

Wiswall M, Zafar B. Preference for the Workplace, Investment in Human Capital, and Gender*. The
Quarterly Journal of Economics. 2017; 133(1):457-507.

Blau FD, Ferber MA. Career Plans and Expectations of Young Women and Men: The Earnings Gap
and Labor Force Participation. The Journal of Human Resources. 1991; 26(4):581-607. https://doi.org/
10.2307/145976

Blinder A. Wage Discrimination: Reduced Form and Structural Estimates. Journal of Human
Resources. 1973; 8:436-455. https://doi.org/10.2307/144855

Oaxaca R. Male-Female Wage Differences in Urban Labour Markets. International Economic Review.
1973; 14:693-709. https://doi.org/10.2307/2525981

DiNardo J, Fortin N, Lemieux T. Labor Market Institutions and the Distribution of Wages, 1973-1992: A
Semiparametric Approach. Econometrica. 1996; 64:1001-1044. https://doi.org/10.2307/2171954

Barsky R, Bound J, Charles K, Lupton J. Accounting for the Black-White Wealth Gap: A Nonparametric
Approach. Journal of the American Statistical Association. 2002; 97:663—673. https://doi.org/10.1198/
016214502388618401

Frolich M. Propensity score matching without conditional independence assumption—with an applica-
tion to the gender wage gap in the United Kingdom. Econometrics Journal. 2007; 10:359-407. https://
doi.org/10.1111/j.1368-423X.2007.00212.x

Mora R. A nonparametric decomposition of the Mexican American average wage gap. Journal of
Applied Econometrics. 2008; 23:463-485. https://doi.org/10.1002/jae. 1006

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

Juhn C, Murphy K, Pierce B. Wage Inequality and the Rise in Returns to Skill. Journal of Political Econ-
omy. 1993; 101:410-442. https://doi.org/10.1086/261881

Machado JAF, Mata J. Counterfactual decomposition of changes in wage distributions using quantile
regression. Journal of Applied Econometrics. 2005; 20:445—465. https://doi.org/10.1002/jae.788

Melly B. Decomposition of differences in distribution using quantile regression. Labour Economics.
2005; 12:577-590. https://doi.org/10.1016/j.labeco.2005.05.006

Firpo S, Fortin NM, Lemieux T. Decomposing Wage Distributions using Recentered Influence Functions
Regressions. mimeo, University of British Columbia. 2007;.

Chernozhukov V, Fernandez-Val I, Melly B. Inference on Counterfactual Distributions. CeMMAP work-
ing paper CWP(09/09. 2009;.

Firpo S, Fortin NM, Lemieux T. Unconditional quantile regressions. Econometrica. 2009; 77:953-973.
https://doi.org/10.3982/ECTA6822

Fortin N, Lemieux T, Firpo S. Chapter 1—Decomposition Methods in Economics. In: Ashenfelter O,
Card D, editors. Handbook of Labor Economics. vol. 4, Part A of Handbook of Labor Economics. Else-
vier; 2011. p. 1-102. Available from: http://www.sciencedirect.com/science/article/pii/
S0169721811004072

Huber M. Causal Pitfalls in the Decomposition of Wage Gaps. Journal of Buiness and Economic Statis-
tics. 2015; 33(2):179-191. https://doi.org/10.1080/07350015.2014.937437

Huber M, Solovyeva A. On the sensitivity of wage gap decompositions. SES Working Paper 497, Uni-
versity of Fribourg. 2018;.

Baron RM, Kenny DA. The Moderator-Mediator Variable Distinction in Social Psychological Research:
Conceptual, Strategic, and Statistical Considerations. Journal of Personality and Social Psychology.
1986; 51:1173—-1182. https://doi.org/10.1037/0022-3514.51.6.1173

PLOS ONE | https://doi.org/10.1371/journal.pone.0250892  June 2, 2021 23/24


https://doi.org/10.1287/orsc.1090.0508
https://doi.org/10.1287/orsc.1090.0508
https://doi.org/10.1257/aer.20170007
https://doi.org/10.1257/aer.104.4.1091
https://doi.org/10.1086/690952
https://doi.org/10.1111/j.1468-0084.2007.00483.x
https://doi.org/10.1111/j.1468-0084.2007.00483.x
https://doi.org/10.2307/145976
https://doi.org/10.2307/145976
https://doi.org/10.2307/144855
https://doi.org/10.2307/2525981
https://doi.org/10.2307/2171954
https://doi.org/10.1198/016214502388618401
https://doi.org/10.1198/016214502388618401
https://doi.org/10.1111/j.1368-423X.2007.00212.x
https://doi.org/10.1111/j.1368-423X.2007.00212.x
https://doi.org/10.1002/jae.1006
https://doi.org/10.1162/rest.90.2.290
https://doi.org/10.1086/261881
https://doi.org/10.1002/jae.788
https://doi.org/10.1016/j.labeco.2005.05.006
https://doi.org/10.3982/ECTA6822
http://www.sciencedirect.com/science/article/pii/S0169721811004072
http://www.sciencedirect.com/science/article/pii/S0169721811004072
https://doi.org/10.1080/07350015.2014.937437
https://doi.org/10.1037/0022-3514.51.6.1173
https://doi.org/10.1371/journal.pone.0250892

PLOS ONE

Gender differences in wage expectations

54.

55.

56.

57.

58.

59.

60.

61.

Rubin DB. Estimating Causal Effects of Treatments in Randomized and Nonrandomized Studies. Jour-
nal of Educational Psychology. 1974; 66:688—701. https://doi.org/10.1037/h0037350

Robins JM, Greenland S. Identifiability and Exchangeability for Direct and Indirect Effects. Epidemiol-
ogy. 1992; 3:143-155. https://doi.org/10.1097/00001648-199203000-00013

Pearl J. Direct and indirect effects. In: Proceedings of the Seventeenth Conference on Uncertainty in
Artificial Intelligence. San Francisco: Morgan Kaufman; 2001. p. 411-420.

Huber M. Identifying causal mechanisms (primarily) based on inverse probability weighting. Journal of
Applied Econometrics. 2014; 29:920-943. https://doi.org/10.1002/jae.2341

Imai K, Keele L, Yamamoto T. Identification, Inference and Sensitivity Analysis for Causal Mediation
Effects. Statistical Science. 2010; 25:51-71.

Belloni A, Chernozhukov V, Fernandez-Val I, Hansen C. Program Evaluation and Causal Inference with
High-Dimensional Data. Econometrica. 2017; 85(1):233—-298. https://doi.org/10.3982/ECTA12723

Chernozhukov V, Hansen C, Spindler M. hdm:High-Dimensional Metrics. The R Journal. 2016; 8
(2):185-199. https://doi.org/10.32614/RJ-2016-040

Bodory H, Huber M. The causalweight package for causal inference in R. SES Working Paper 493, Uni-
versity of Fribourg. 2018;.

PLOS ONE | https://doi.org/10.1371/journal.pone.0250892  June 2, 2021 24/24


https://doi.org/10.1037/h0037350
https://doi.org/10.1097/00001648-199203000-00013
https://doi.org/10.1002/jae.2341
https://doi.org/10.3982/ECTA12723
https://doi.org/10.32614/RJ-2016-040
https://doi.org/10.1371/journal.pone.0250892

