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Earnings Expectations of
“First-in Family” University Students and

Their Role for Major Choice*

1 Introduction

Students who would be first-in-their-family (FiF) to attend university face a  series 
of disadvantages that may translate into missing social mobility (Boneva and Rauh, 
2018; Adamecz-Völgyi et al., 2020; Blanden et al., 2023). FiF students choose different 
fields of study and are more likely to drop out of university (Henderson et al., 2020;
Edwards et al., 2022; Adamecz-Völgyi et al., 2023). That being said, conditional on 
having attended university, FiF students have different characteristics than non-FiF
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students: In particular, FiF students seem to enter university with lower cognitive (but
similar non-cognitive) skills (Edwards et al., 2022). In the labor market, female FiF
students have lower earnings on average, for example (Adamecz-Völgyi et al., 2023).
The finding that FiF students face challenges in the labor market or that they are more
likely to study less prestigious subjects (and at less prestigious universities) is even
true in high-ability samples (Shure and Zierow, 2023; Stansbury and Rodriguez, 2024).

Expectations and beliefs about own ability, earnings, and non-wage amenities are
prime candidates to explain some of the issues that disadvantaged students face. For
example, in the context of gender gaps, the decisive role of expectations and beliefs is
well documented. The idea is that women’s lower wage expectations may translate
into lower reservation wages, which in turn affect actual earnings (e.g., Kiessling et al.,
2024). In standard human capital models, earnings expectations and expectations
about related non-wage amenities should also affect human capital investments such
as the choice of study field. However, there is no evidence on whether FiF students at
university have different labor market expectations than non-FiF students. There is
also no evidence to date on whether FiF students react differently to such expectations
when deciding on their human capital investments.

In this paper, we use unique survey data on first-year undergraduate students from
a large German university to inform on FiF differences in labor market expectations
and to shed light on the causes and consequences of these. To do so, we elicit
earnings expectations at different points in subjects’ future lives and across various
(counterfactual) fields of study as well as information on motives for study program
choice, perceived ability ranks, and expectations about non-wage amenities, again
across various fields of study. We link these survey data to administrative data on
student characteristics and their actual field of study. The survey took place in students’
second week at university, i.e., at a very early stage of students’ university life.

We first study FiF differences in expected earnings. We document a sizable FiF gap
in expected earnings both at age 30 and 40: FiF students expect to earn 5 percent less
than their non-FiF classmates when they are 30 and 6 percent less when they are 40,
respectively. This amounts to around half of the gender gap in earnings expectations in
our data and is comparable to, albeit lower than, the actual earnings gap by FiF status
we find in a complementary analysis of the German Socioeconomic Panel (SOEP).
A heterogeneity analysis by ability (measured via high school GPA) and by gender
suggests that the gap in our survey is mainly driven by low-ability and by male FiF
students. Decomposing the FiF gap via Oaxaca–Blinder shows that our data can
explain close to two thirds of the observed gap, which is more than twice the share
that is explainable when assessing gender differences. Next to student characteristics,
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the largest share of the FiF gap in expected earnings is attributable to students’ fields
of study.

In a second step, we therefore investigate whether differences in earnings
expectations matter for field of study choice. To study the relation between expected
earnings and selection, we elicited expected earnings at the age of 30 conditional
on obtaining a degree in eight counterfactual potential study fields. This allows us
to study whether expected earnings predict the actual choice of study field within
students. This approach is similar in spirit to Arcidiacono et al. (2020), who estimate
the role of ex-ante treatment effects on expected earnings for major choice and
occupational choice. We find that within-person differences in earnings expectations
across fields are less predictive for the field of study choice of FiF students than of
non-FiF students. FiF students’ lower self-perceived ability and their expectations
about non-wage amenities in high-earning fields explain this difference in the
relationship between expected earnings and field of study choice. This suggests that
focusing on FiF students’ expectations about earnings, own ability, and non-wage
amenities is key to close important gaps in field of study choice between FiF and
non-FiF students.

Our paper contributes to several strands of the literature. We primarily contribute
to the literature on social mobility. Because of the key role of education, several
papers have studied the role of socioeconomic status and FiF status on education
outcomes, finding a variety of disadvantages connected to the latter. FiF students’
lower educational attainment is partly due to lower perceived pecuniary and
non-pecuniary benefits of enrolling at university, but also due to lower early human
capital development (Boneva and Rauh, 2018; Adamecz-Völgyi et al., 2020; Blanden
et al., 2023).1 Many papers find important differences in field-of-study choices, with
FiF students on average attending less prestigious universities and studying for
degrees with lower labor market returns (e.g., Adamecz-Völgyi et al., 2023). This
is even true when conditioning on high-ability samples (Shure and Zierow, 2023).
For example, Stansbury and Rodriguez (2024) show that FiF students face strong
disadvantages in the academic labor market in the US.2

To our knowledge, our paper is the first to document a sizable FiF gap in earnings
expectations already at the start of university studies. We find that the FiF gap in
earnings expectations primarily exists for low-ability FiF students at university. We
contribute to the literature by showing that around two thirds of the documented gap

1Other papers study the role of FiF status conditional on having attended university. Edwards et al.
(2022) find that in Australia, FiF students enter university with lower cognitive but similar non-cognitive
skills. They show that these students have lower grade-point averages and are more likely to drop out
after the first year at university, a finding that is driven by female FiF students.

2FiF status is also associated with lower earnings in the UK, although this finding only holds for
women (Adamecz-Völgyi et al., 2023).
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is attributable to differences in student and field of study characteristics. Using panel
data on current labor market participants, we show that the gap we find is similar, but
somewhat smaller than the actual gap in earnings between FiF and non-FiF students.3

A second strand we contribute to assesses the role of earnings expectations of
students. This strand usually focuses on the gender wage gap. Several papers have
documented a gender gap in expected earnings that aligns with the realized gender
gap in the labor market (see, e.g., for Germany Briel et al., 2022; Leibing et al., 2023;
Kiessling et al., 2024). Filippin and Ichino (2005) survey university students in Italy
and find a significant gender gap in expected as well as realized earnings one year
after graduation. Wiswall and Zafar (2021) survey college students during their studies
and six years after graduation. Own earnings, as well as a range of other labor-market
related outcomes, are well anticipated by students.4 Many of these studies use samples
of university students, often from highly selective institutions.

We contribute to this literature by providing the first evidence on differences in
labor market expectations by FiF status at the very beginning of students’ university
careers. This difference is smaller than the gender gap in earnings expectations in
our data. In addition, in contrast to the gender gap, the FiF gap can be explained by
student characteristics and study fields to a much larger extent. In addition, we study
students at a large public university that is arguably more representative of university
students at large than the samples from highly selective US institutions.

Third, our paper contributes to the literature on students’ expectations and
sorting decisions. Expected earnings have been shown to matter for sorting into
occupations and study fields. For example, Arcidiacono et al. (2020) study a sample of
undergraduate students at Duke University and find that expected earnings positively
relate to occupational choices after studying. Earnings expectations especially seem to
play a role for sorting into business and law-related occupations. Wiswall and Zafar
(2018, 2021) conduct similar surveys and find that earnings expectations play a role in
students’ enrollment decisions: students seem to choose to major in the field in which
they consider their prospective earnings to be highest, all else equal. We contribute
to this literature by showing that expectations about earnings seem to matter much
less for FiF students. We show that this is due to FiF students’ beliefs about their own
ability and their expectations about correlated non-wage amenities in high-paying
fields. Relative to the prior literature, our sample is very large, covering around half of
each of two cohorts of students entering the university from which the data is drawn.

3When these students enter the labor market, we will be able to study the relationship between the
gap in expectations and the realized gap for the same students, as we will be able to link our survey
data to administrative data on students’ labor market outcomes for large parts of our sample.

4Reuben et al. (2017) find that overconfidence and competitiveness relate to higher expected
earnings.
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2 Setting and Data

2.1 Institutional Details and Data Collection

Survey Data. Our data come from a survey which we conducted among first-year
undergraduate students at a large public university in Germany in 2022 and 2023.5

All eligible students were invited via e-mail to participate in our survey in the second
week after they started their university studies. Students who completed the survey
were paid e10 in 2022 and e15 in 2023; they could choose to receive their payment
either via bank transfer or as a voucher for a large international online retailer. The
survey was implemented in oTree (Chen et al., 2016).

The survey comprised several blocks, which were shown to the participants
in semi-randomized order. We elicited economic preferences and psychological
personality traits in the first part for a companion paper (Adler et al., 2024), followed
by study motives and questions related to subjects’ parental background in the second
part. Finally, we asked students about their earnings expectations, relative ability
ranks, and expectations about non-wage amenities in their future job.

“First-in-Family” Status. We elicited the status of being a “first-in-family” student
in our survey by asking for the highest degree obtained by the respondent’s mother
and father. We classify an individual as an FiF student if they report that none of their
parents have a university degree.

Expected Earnings, Ability, and Non-Wage Amenities. We elicited earnings
expectations in two ways. First, we asked subjects to assume they would be working
full time at the ages of 30 and 40, respectively. We then asked them to state their
expected monthly gross salaries at both points in time.6 We call these data unconditional
earnings expectations because they are not explicitly linked to any degree the individual
might obtain. In a second step, we showed participants eight study field categories
plus a ninth category labeled as dropout or not obtaining any degree. We then again
asked for expected gross monthly earnings provided the subjects would work full
time but under the additional assumption that they would obtain a degree in each of
the listed study fields. We call these conditional earnings expectations. We then asked
for subjects’ expected relative ability in each of the study fields. We asked subjects
to imagine they would major in each of the listed study fields, and asked for their
perceived rank (100 being the best and 1 being the worst) among all other students

5This section is borrowed from Adler et al. (2024). Note that we have been collecting this survey
data since 2020. Earnings expectations, however, were only elicited from 2021 onward, with a change in
the elicitation method from 2022 onward, which is why we only use data from the two survey waves
2022 and 2023 in this paper.

6To reduce noise in the data, participants were asked to select one out of 14 boxes corresponding to
their expected monthly gross salary, with salary ranging from e2,000 to over e8,000 in e500 intervals.
We provided definitions of full time work and gross salary.
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majoring in the same study field. Lastly, we elicited students’ expectations about three
non-wage amenities conditional on graduating in each of the nine potential study
fields. Individuals were asked to indicate how likely they considered the respective
amenities to be fulfilled conditional on graduating in each of the listed study fields.
The non-wage amenities we included are sufficient leisure, the possibility to have
children, and enjoying work, all on an 11-point Likert scale.

Study Motives. We additionally asked nine questions regarding students’
motivation to choose their study program. These questions were answered on 5-point
Likert scales and covered pecuniary as well as non-pecuniary motives. For example,
we asked subjects how important it was for their choice of study program to have
fun during their studies or to meet people like or unlike themselves. Other questions
related to job perspectives and we asked, e.g., how important the perspective of a safe
or of a high–paying job was for the choice of study program.7

Administrative Data. We matched the survey data with administrative data from the
university comprising information on students’ high school GPA, nationality, and the
study program they enrolled in. We were able to match all students who participated
in the survey with the administrative records because students participated in the
survey via their campus login, uniquely identifying them in the administrative data.

Participation and Sorting. Of all invited students, 3,566 completed the survey (1,941
in 2022 and 1,625 in 2023), which corresponds to a mean take-up rate of 47.5% (50% in
2022 and 45% in 2023). Around 40 percent of these are FiF university students (1,428
students). Table A1 in the Online Appendix shows selection into survey participation
across waves. Survey participants have slightly better high school GPAs, are somewhat
less likely to be of foreign nationality, and have a slightly different field of study
composition than non-participants in both waves. All in all, however, the differences
are rather small. Our data thus represents the overall student population fairly well.

Sample Characteristics. Table 1 provides an overview of the sample characteristics
by displaying differences in means by FiF status for all survey items and student
characteristics obtained from the administrative data. Table 1 shows that FiF students
on average expect considerably lower monthly earnings both at age 30 and 40. There
are also differences in student characteristics. For instance, FiF students in our sample
have significantly lower high-school GPA.8 FiF students are also slightly older, and

7The remaining questions were on the following study motives: interest for the study field, regional
attachment, leisure time and enough time for family, having a job that is useful for society.

8In the German system, the GPA runs from 1 to 4 and lower numbers indicate better grades. We
have recoded high-school GPA such that higher values indicate better grades, with 4 now being the
best and 1 the worst grade.
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we observe more female students in the group of FiF students. Finally, there are
more students with a migration background and of foreign nationality in the group
of non-FiF students.9 There is also some heterogeneity between FiF- and non-FiF
students regarding the motives for study program choice. It seems more important to
FiF students to meet people who are “like them.” FiF students also have a stronger
motive for a future job with more leisure and allowing to have a family.

Turning towards self-perceived ability, students differ by FiF-status in the
assessment of their own relative ability across (actual and counterfactual) study
fields. FiF students consider themselves less able in all study fields, with the mean
gap being significant in law, medicine, natural sciences, engineering, and business &
economics, all of which are high-paying fields on average.

All in all, FiF students have lower earnings expectations on average but also differ
in important characteristics from non-FiF students. To which extent these differences
in earnings-relevant characteristics explain the differences in earnings expectations by
FiF status is what we investigate next.

3 Differences in Earnings Expectations by FiF Status

3.1 Distribution of Earnings Expectations by FiF Status

We now examine the gap in (unconditional) expected earnings between FiF and
non-FiF students in more detail. As can be seen in Table 1, FiF students in our sample
on average expect significantly lower earnings both at age 30 and at age 40. Figure 1
provides descriptive evidence of the distribution of expected earnings at these two
points in students’ lives. The two kernel density plots, especially the plot for earnings
expectations at age 40, show a clear shift of FiF students’ earnings expectations to the
left, suggesting that FiF students expect to earn considerably less than their non-FiF
classmates at age 30 as well as at age 40.10

9This could either be driven by sorting into university differing by group or by university degrees
in foreign countries covering more occupations, given the large share of Germans in apprenticeships.
We define migration background as having a second mother tongue apart from German, and the three
most commonly listed second languages in our survey are English, Turkish, and Russian. We see that
in the group of non-FiF students, the share of individuals with English or Russian as a second mother
tongue is significantly higher than in the FiF sample (5% vs. 3% and 6% vs. 4% for English and Russian,
respectively). There are no significant group differences regarding Turkish as a second mother tongue
(around 4% of students in both groups list this as their second mother tongue).

10Kolmogorov–Smirnov tests for equality of distributions suggest that the two distributions indeed
differ from each other, p < 0.001.
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Table 1: Sample Characteristics

FiF Non-FiF Difference
Expected Earnings
Unconditional, Age 30 4428.05 4692.82 264.77∗∗∗

Unconditional, Age 40 5312.32 5660.78 348.46∗∗∗

Student Characteristics
Age in years 21.37 20.85 -0.53∗∗∗

High school GPA 275.85 292.67 16.82∗∗∗

Migration background 0.24 0.34 0.10∗∗∗

Foreign nationality 0.04 0.07 0.03∗∗∗

Female 0.61 0.55 -0.06∗∗∗

Study Motives
Interest in subject 3.72 3.72 -0.01
Fun 3.27 3.29 0.02
Regional attachment 2.54 2.48 -0.05
Meet people like me 2.95 2.95 0.00
Meet people unlike me 2.20 2.26 0.06∗

Safe job 3.42 3.35 -0.07∗∗∗

High-paying job 3.16 3.16 -0.01
Family and leisure compatible job 2.96 2.85 -0.11∗∗∗

Socially relevant job 2.93 2.88 -0.05

Relative Ability
Teacher Training 65.02 65.19 0.16
Law 53.14 54.87 1.73∗

Medicine 50.96 53.63 2.67∗∗

Humanities 54.20 55.21 1.01
Social Sciences 57.17 57.99 0.82
Natural Sciences 53.76 57.98 4.21∗∗∗

Engineering 49.99 53.87 3.89∗∗∗

Business & Economics 55.20 57.46 2.27∗∗

Amenity Preferences
Sufficient leisure 6.76 6.67 -0.09
Have kids 7.08 6.92 -0.16
Enjoy work 8.82 8.73 -0.09∗

Observations 1428 2138 3566

Note: This table displays means of all variables by FiF status, with asterisks denoting significant differences between the
means (measured with a two-sided t-test). * p<0.1 ** p<0.05 *** p<0.01. Study motives were elicited on a 1-5 scale, with
higher levels indicating stronger importance of the respective motive for study program choice. Preferences for non-wage
amenities were elicited on a 1-11 scale, with higher levels indicating stronger preference for the respective amenity. Expected
earnings are unconditional on completing a degree in a certain study field and are to be understood as gross monthly earnings.
Relative ability was elicited on a 1-100 scale. We modified the variable such that the higher the displayed value, the higher the
student’s perceived relative rank. We recoded the German high-school GPAs such that higher values indicate better grades.
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Figure 1: Kernel Density Plots of Unconditional Expected Earnings by FiF Status
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Note: This figure shows kernel density plots of log unconditional expected monthly earnings by
first-in-family status (bandwidth = 0.15, n = 3566). We display expected earnings at age 30 and 40 in
the left and the right graph, respectively. Red solid lines and black dashed lines denote expectations of
FiF and non-FiF students, respectively.

3.2 Empirical Approach

To examine the mean gap in earnings expectations between FiF and non-FiF students,
we estimate the regression:

yis = α + β · FiFis + D′
sσ + X′

isγ + M′
iδ + A′

iθ + ϵis, (1)

where yis denotes the outcome of student i in study field s (i.e., log expected earnings
at age 30 and 40) and FiFis denotes FiF status. We then gradually include more
covariates when estimating equation (1). Ds are study field dummies, and Xis is a
vector of student characteristics (labeled administrative controls and containing age,
high-school GPA, dummy= 1 if student has a migration background, i.e., a second
mother tongue, and dummy= 1 if student is female). The vectors M and A comprise
the study motives and preferences for non-wage amenities elicited in our survey,
respectively. Note that because FiF status arguably influences field of study choice,
high-school GPA, study motives, and amenity preferences, one might view these
covariates as “bad controls” in a regression of earnings expectations on FiF status. We
nevertheless include these variables to examine to what extent they explain differences
in earnings expectations by FiF status. We estimate equation (1) by OLS and report
robust standard errors. Finally, note that all survey responses were voluntary, which is
why we lose some observations when including more controls.
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3.3 Regression Results

Main results. Table 2 shows the results of the OLS regressions, adding covariates in
each column. Regressing log unconditional expected earnings on only the FiF dummy
suggests that FiF students expect to earn 5.3% (6.4%) less than their non-first-generation
classmates when they are 30 (40) years old (column (1)). These differences diminish
if we include covariates at age 30. For earnings expectations at age 40, the gap
remains significant at the 1%-level even after including all controls. Controlling for all
observables in our sample, we estimate a gap between FiF- and non-FiF students in
expected earnings at age 30 (40) of 2.0% (2.8%).11

Table 2: FiF Gaps in Unconditional Earnings Expectations

(1) (2) (3) (4) (5)
I. Outcome: Log EE, Age 30
FiF -0.0534∗∗∗ -0.0338∗∗∗ -0.0180∗ -0.0207∗∗ -0.0196∗∗

(0.0102) (0.00980) (0.00990) (0.00982) (0.00984)
Adjusted R2 0.007 0.108 0.135 0.194 0.197
II. Outcome: Log EE, Age 40
FiF -0.0635∗∗∗ -0.0383∗∗∗ -0.0247∗∗∗ -0.0285∗∗∗ -0.0279∗∗∗

(0.00977) (0.00914) (0.00918) (0.00896) (0.00894)
Adjusted R2 0.011 0.161 0.193 0.270 0.275
Observations 3566 3565 3529 3387 3354
Department FE No Yes Yes Yes Yes
Admin. Controls No No Yes Yes Yes
Study Motives No No No Yes Yes
Amenities No No No No Yes

Note: This table reports coefficients of a dummy denoting first-generation student status in
regressions of log monthly earnings expectations (EE) at age 30 on study field fixed effects, student
characteristics (age, gender, migration background, high-school GPA), study motives (have fun
during studies, interest in subject, regional attachment, meet people like me, meet people unlike
me, safe job, high-paying job, family and leisure compatible job, socially relevant job; 5-point Likert
scales), and preferences for non-wage amenities (preferences for leisure, having children, having
fun at the job; 11-point Likert scales). Robust standard errors in parentheses. * p<0.1 ** p<0.05 ***
p<0.01.

Heterogeneity by gender. In Table 3, we report differences in expected earnings
by FiF status for female and male students. We find suggestive evidence that the
observed gap is mainly driven by male students. The raw FiF gap at age 30 is around
four to five percent for both genders and widens to six (five) percent for female (male)
students at the age of 40. The gap at age 30 becomes insignificant for female students
when including controls, whereas it stays borderline significant for male students
and amounts to around 2.6 percent after including all controls. We observe a similar

11As a consequence of the higher expected group differences at 40 than at 30, we observe that FiF
students expect their earnings to grow more slowly than non-FiF students do. This difference becomes
insignificant when including control variables and amounts to less than one percentage point when
including all covariates. Results are available upon request.
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pattern for the FiF gap for both genders at age 40, with a gap of 3.0 percent for
male students after including all controls. This somewhat contrasts recent literature
that found that, at least in the United Kingdom, only female FiF students face wage
penalties in the labor market, even when controlling for many characteristics such
as degrees and non-cognitive skills (Adamecz-Völgyi et al., 2023). However, none of
the differences by gender we find is statistically significant at conventional levels in
interacted models (not shown).

Table 3: Mean Differences in Expected Earnings—Heterogeneity by Gender

(1) (2) (3) (4) (5)

I. Outcome: Log Expected Earnings, Age 30
Panel A: Female students
FiF -0.0441∗∗∗ -0.0234∗ -0.0141 -0.0175 -0.0171

(0.0129) (0.0125) (0.0128) (0.0127) (0.0127)
Observations 2044 2044 2022 1949 1932
Adjusted R2 0.005 0.086 0.093 0.151 0.152

Panel B: Male students
FiF -0.0494∗∗∗ -0.0445∗∗∗ -0.0252 -0.0277∗ -0.0264∗

(0.0160) (0.0153) (0.0156) (0.0155) (0.0155)
Observations 1522 1521 1506 1438 1422
Adjusted R2 0.006 0.103 0.128 0.190 0.194

II. Outcome: Log Expected Earnings, Age 40
Panel A: Female students
FiF -0.0611∗∗∗ -0.0339∗∗∗ -0.0252∗∗ -0.0277∗∗ -0.0280∗∗

(0.0125) (0.0119) (0.0122) (0.0119) (0.0119)
Observations 2044 2044 2022 1949 1932
Adjusted R2 0.011 0.135 0.139 0.213 0.215

Panel B: Male students
FiF -0.0466∗∗∗ -0.0393∗∗∗ -0.0262∗ -0.0277∗ -0.0301∗∗

(0.0146) (0.0136) (0.0139) (0.0155) (0.0135)
Observations 1522 1521 1506 1438 1422
Adjusted R2 0.006 0.152 0.164 0.190 0.260
Department FE No Yes Yes Yes Yes
Admin. Controls No No Yes Yes Yes
Study Motives No No No Yes Yes
Amenities No No No No Yes

Note: This table reports coefficients of a dummy denoting first-generation student status in
regressions of log earnings expectations at ages 30 and 40 on study field fixed effects, student
characteristics (age, gender, migration background, high-school GPA), study motives (have fun
during studies, interest in subject, regional attachment, meet people like me, meet people unlike
me, safe job, high-paying job, family and leisure compatible job, socially relevant job; 5-point Likert
scales), and preferences for non-wage amenities (preferences for leisure, having children, having
fun at the job; 11-point Likert scales). We split the sample by gender. Robust standard errors in
parentheses. * p<0.1 ** p<0.05 *** p<0.01.

Heterogeneity by student ability. We next examine how the FiF gap in expected
earnings varies with students’ cognitive ability. We proxy ability by the high-school
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GPA.12 Table 4 shows that the overall gap in expected earnings is primarily driven
by students of low ability. Controlling only for FiF status, the coefficients suggest
that high-ability students expect a smaller gap in earnings at both points in time.
When including covariates, the gap in expected earnings reduces significantly and
becomes insignificant for expected earnings both at age 30 and at age 40. Among
low-ability students, however, FiF students expect to earn 7.2% (7.7%) less than their
non-FiF peers when they are 30 (40). This gap shrinks to 3.3% to 4.2% when including
all covariates, but remains significantly different from zero. These differences are
statistically significant at conventional levels in interacted models (not shown).

Comparison to actual earnings gap by FiF status. How does the gap in expected
earnings by FiF status in our data compare to actual earnings differences by FiF status
in the labor market? To inform this question, we leverage data from the German
Socio-Economic Panel (SOEP).13 Using this data, we focus on respondents (around)
age 30 and 40 that have attended university and work full time, a restriction that
makes the sample comparable to the hypothetical situation (expected earnings at age
30 and 40) in our survey. In the SOEP, we leverage responses of respondents on the
highest educational degree of their parents to define FiF status. We then regress (log)
earnings on a FiF dummy along with controls for gender and migration background,
as well as birth cohort fixed effects to account for time trends and age differences.

We show the results from this analysis in Online Appendix Table A3. The table
shows that the expected earnings gap by FiF status is remarkably similar to the
gap we find in the SOEP data at age 30 without controls and only slightly lower
than the gap we find in the SOEP when adding comparable controls.14 At age 40,
students who took our survey expect lower gaps in earnings by FiF status than we
find in the SOEP.15 We can only speculate whether these differences reflect actual

12We define subjects as “high-ability” (“low-ability”) if their high-school GPA is below (above or
equal) the median in our sample.

13Once the respondents to our survey enter the labor market, we will be able to compare their
earnings expectations with actual realizations for around 60% of the sample, namely those students
who gave consent to link their data to administrative labor market data from the IAB Institute for
Employment Research.

14Note that the estimates we provide in this table based on the survey slightly differ from our main
estimates. The reason is that in the SOEP, we do not have any information on high-school GPA or
(expectations about) non-wage amenities or study motives. To keep the estimates comparable, we thus
do not control for these variables in the table.

15The gap we find in the SOEP is larger than comparable estimates from other countries. Recently,
for example, Stansbury and Rodriguez (2024) show that PhD graduates in the US that stem from
non-academic backgrounds earn around 1.6 log points less in industry and up to 2.7 log points less in
academia, conditional on demographic characteristics. There is no earnings gap in government and
non-tenure track education. The discrepancy may be due to a lack of control variables in the SOEP on
earnings determinants such as high school GPA or productivity, which may differ by FiF status.
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Table 4: Mean Differences in Expected Earnings—Heterogeneity by Ability

(1) (2) (3) (4) (5)

I. Outcome: Log Expected Earnings, Age 30
Panel A: Low-ability students
FiF -0.0715∗∗∗ -0.0520∗∗∗ -0.0348∗∗ -0.0346∗∗ -0.0332∗∗

(0.0148) (0.0142) (0.0144) (0.0144) (0.0144)
Observations 1735 1735 1735 1651 1637
Adjusted R2 0.012 0.119 0.144 0.186 0.189

Panel B: High-ability students
FiF -0.0325∗∗ -0.0112 0.00231 -0.00469 -0.00345

(0.0142) (0.0136) (0.0135) (0.0133) (0.0134)
Observations 1831 1830 1793 1736 1717
Adjusted R2 0.002 0.103 0.134 0.206 0.209

II. Outcome: Log Expected Earnings, Age 40
Panel A: Low-ability students
FiF -0.0769∗∗∗ -0.0535∗∗∗ -0.0427∗∗∗ -0.0346∗∗ -0.0422∗∗∗

(0.0142) (0.0133) (0.0134) (0.0144) (0.0131)
Observations 1735 1735 1735 1651 1637
Adjusted R2 0.016 0.173 0.192 0.186 0.262

Panel B: High-ability students
FiF -0.0441∗∗∗ -0.0177 -0.00325 -0.0104 -0.0101

(0.0136) (0.0127) (0.0124) (0.0121) (0.0121)
Observations 1831 1830 1793 1736 1717
Adjusted R2 0.005 0.151 0.198 0.289 0.292
Department FE No Yes Yes Yes Yes
Admin. Controls No No Yes Yes Yes
Study Motives No No No Yes Yes
Amenities No No No No Yes

Note: This table reports coefficients of a dummy denoting first-generation student status in
regressions of log earnings expectations at ages 30 and 40 on study field fixed effects, student
characteristics (age, gender, migration background, high-school GPA), study motives (have fun
during studies, interest in subject, regional attachment, meet people like me, meet people unlike
me, safe job, high-paying job, family and leisure compatible job, socially relevant job; 5-point Likert
scales), and preferences for non-wage amenities (preferences for leisure, having children, having fun
at the job; 11-point Likert scales). We split the sample at the median of students’ high-school GPA.
Robust standard errors in parentheses. * p<0.1 ** p<0.05 *** p<0.01.
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misperceptions, unaccounted expectations about other determinants of wages such as
non-wage amenities, or expectations about time trends.

Comparison to gender differences in expected earnings. The raw FiF difference in
expected earnings of about five (six) percent at age 30 (40) amounts to around half of
the gender gap in earnings expectations in the same data (see Table A4). In contrast
to the FiF gap, which is more pronounced for expectations at the age of 40, we see
that females expect to earn 12 (14) percent less at age 30 (40) than their male peers.
These gaps are similar to recent findings on gender gaps in early wage expectations
in Germany (Briel et al., 2022; Leibing et al., 2023; Kiessling et al., 2024). Conditional
on including all control variables, the FiF gap amounts to around one quarter of
the gender gap in earnings expectations both at age 30 and at age 40. Thus, we can
explain larger shares of the FiF earnings expectations gap than of the gender earnings
expectations gap using our student characteristics.

3.4 Oaxaca–Blinder Decomposition

In a next step, we examine which parts of the observed gap between FiF and
non-FiF students can be explained by student characteristics as well as study motives
and preferences for non-wage amenities. To do so, we conduct Oaxaca–Blinder
decompositions of unconditional expected monthly earnings at age 30 and 40 (Oaxaca,
1973; Blinder, 1973; Blau and Kahn, 2017). To this end, we estimate two separate OLS
regressions per outcome for FiF and non-FiF students, respectively:

yis f = X′
is f β f + ϵis f (2)

yisn = X′
isnβn + ϵisn (3)

Here, yis again denotes the outcome of interest. For simplicity, we combine all student
information in the vector X′

is. β f and βn then denote coefficients for the FiF and non-FiF
subsample, respectively. Denoting OLS estimates with bn and b f and indicating group
means by bars, we can rewrite the difference in group means as follows (Blau and
Kahn, 2017):

ȳisn − ȳis f = bnX̄isn − b f X̄is f = bn(X̄isn − X̄is f ) + X̄ f (bn − b f )

With this reformulation, the difference in group means is split into an explained and
an unexplained part. bn(X̄isn − X̄is f ) denotes the explained part and can be interpreted
as the difference in characteristics (or endowments, see, e.g., Blau and Kahn, 2017)
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evaluated with the FiF coefficient. X̄ f (bn − b f ) is the unexplained differential which
stems from a difference in coefficients.

Figure 2 shows the results of this decomposition. Our data can explain 63% (56%)
of the difference in expected earnings at age 30 (40). Breaking down the explained
share by variable groups, we see that study motives and preferences for non-wage
amenities combined explain only 7% (4%) of the observed difference at age 30 (40).
Put differently, motives and amenity preferences combined account for maximum a
tenth of the explained share of the difference at both points in time.

A large share of the observed gap can instead be explained by group differences
in student characteristics (e.g., high-school GPA, gender, migration background).
These differences in observable characteristics account for approximately half of the
explained part of the observed difference at age 30 and 40% at age 40. Another
factor that contributes significantly to explaining the observed difference between
FiF- and non-FiF students is field of study. Around a fourth of the observed gap can
be explained by study field choice or, put differently, a third (half) of the explained
part of the observed difference at age 30 (40). These results are in line with findings
in the literature that FiF students choose less prestigious degrees, on average (e.g.,
Adamecz-Völgyi et al., 2023; Shure and Zierow, 2023).

Comparison to the decomposition of the gender gap. For comparison, Appendix
Figure A1 reports an Oaxaca–Blinder decomposition of the gap in earnings expectations
by gender. The main finding from this exercise is that our data explain only 30% (21%)
of the gender gap at age 30 (40), much less than the 63% (56%) in the case of the gap
by FiF status. As with the FiF gap, study fields contribute substantially to explaining
the gender gap. They explain up to 21% of the observed gender difference or, put
differently, contribute up to 80% of the explained part. Note that our results suggest
that the gender gap in expectations would be even slightly larger if female and male
students were identical in the characteristics we draw from the administrative data
and if they had the same preferences for non-wage amenities.

To summarize this section, our data documents a pronounced FiF gap in students’
expected earnings at age 30 and 40. This gap seems similar, albeit somewhat smaller
than the actual FiF earnings gap among university graduates in the labor market. The
gap seems to be larger for low-ability and for male students. It decreases somewhat
but remains significant when including a wide set of covariates, at least at age 40.
Our data explains approximately two thirds of the observed FiF difference, with
around 37% (44%) of the observed gap at age 30 (40) remaining unexplained. Most
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Figure 2: Oaxaca–Blinder–Decomposition of Unconditional Earnings Expectations
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Note: This figure shows the results of Oaxaca–Blinder decompositions of log unconditional expected
earnings at age 30 and 40 in the upper and lower graph, respectively. The upper part in both graphs
provides information on the FiF difference and the shares which our data can and cannot explain (the
displayed percentages always refer to the overall difference). The lower part in both graphs breaks
down the explained share from the upper part into its components and their contributions to the
explained share of the difference. Student characteristics are age, gender, migration background, and
high-school GPA. Study motives are: have fun during studies, interest in subject, regional attachment,
meet people like me, meet people unlike me, have a safe job, have a high-paying job, have a family and
leisure compatible job, have a socially relevant job; all asked on 5-point Likert scales. Preferences for
non-wage amenities comprise preferences for leisure, preferences for a job that enables one to have
children, and preferences for having fun at the job; all asked on 11-point Likert scales.
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importantly, personal characteristics and field of study choice explain over 90% of this
explained part.

4 Sorting Conditional on Earnings Expectations

In the previous sections, we documented a distinct FiF gap in expected earnings which
is robust to the inclusion of. In a next step of our analysis, we want to examine how
labor market expectations relate to study field choice.

4.1 Empirical Approach

Similar in spirit to Arcidiacono et al. (2020), we make use of the counterfactual
earnings expectations we elicited in our survey. Although in our setting the sorting
into fields of study has already taken place, we think it is a useful exercise to gauge the
consequences of differences in earnings expectations for field of study choice. This is
because the survey took place at the very beginning of the students’ time at university
(i.e., in the first week of their first semester). As a result, it seems justified to assume
that the students’ survey responses were affected by their field of study environment.

In the survey, we asked students about their expected earnings at age 30 under the
condition of obtaining a degree in eight different study fields. Additionally, we elicited
the students’ perceived relative ability in comparison to their peers in each of the
study fields. This ability measure ranges between 1 and 100, with 1 (100) indicating
the lowest (highest) rank (i.e., higher numbers indicating higher perceived relative
ability). Similarly, we elicited students’ expectations regarding non-wage amenities
conditional on graduating in the different fields. For each of three amenities (much
leisure, having the chance to start a family, and enjoying work), we asked subjects
to indicate how likely (on a scale from 0 to 100) they consider these amenities to be
present conditional on graduating in each of the hypothetical study fields. From this,
we create a panel (individual by study field). The counterfactual expectation and
ability data as well as the students’ actual study field of choice allow the estimation of
an individual fixed–effects model:

yis = αi + β · Ln(Earnings)is + γ · Abilityis + η · Amenitiesis + ϵis, (4)

where yis is an indicator taking on value one for student i’s actual field of study and
zero for all counterfactual fields s. We regress this indicator on log expected earnings
by field, relative ability by field, and amenity expectations by field and cluster all
error terms at the student level. Given our estimation equation, we can interpret our
coefficients of interest as the increase in likelihood of a given field being the student’s
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actual field given a one percent increase in expected earnings, an increase in expected
relative ability by one (i.e., an upward shift in rank by one), or an increase in the
probability of a certain non-wage amenity to be present by one percentage point,
relative to students’ counterfactual expectations for the other fields.

Our main coefficient of interest is β, the impact of one percent higher expected
earnings on the likelihood that this is student i’s field of study. The reason is that we
want to investigate how differences in expected earnings relate to field of study choice
across FiF and non-FiF students. We subsequently add controls for students’ ability
perceptions and expectations about non-wage amenities to investigate whether beliefs
about the correlation between own ability, non-wage amenities, and earnings across
fields affects field of study choice differentially by FiF status.

4.2 Results

Figure 3 reports the main results from this analysis. It shows how FiF and non-FiF
students’ earnings expectations across fields relate to their actual choice of field
of study. The first coefficient (green diamond) shows that if we do not condition
on perceived ability and amenities, FiF students’ choices of a field of study are not
systematically related to their earnings expectations. By contrast, the second coefficient
(black diamond) shows that non-FiF students tend to choose fields with systematically
higher expected earnings. We next control for students’ perceived ability across
fields. Whereas this leaves the relationship between expected earnings and field of
study more or less unchanged for non-FiF students, the coefficient for FiF students
increases and becomes statistically significant. This suggests that perceived own ability
and expected field-specific earnings are negatively correlated among FiF students, in
line with differences in major and university choice across FiF and non-FiF students
conditional on observables found in the literature. Thus, perceptions of own ability
seem to matter substantially when explaining differences between FiF and non-FiF
students.16

16Interestingly, Table A2 in the Appendix shows that there are no differences in perceived own ability
between FiF and non-FiF students in students’ own field of study, suggesting that beliefs about own
ability in counterfactual fields are driving this result. Note, however, that this observation might also be
driven by noise due to smaller sample sizes when considering the study fields separately.
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Figure 3: Sorting Into Study Fields
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Note: This figure reports coefficients of log conditional expected earnings in regressions of study
field choice on expected earnings, relative ability, and non-wage amenities. We estimate an individual
fixed-effects model with the artificial panel data created from our survey data set. We cluster standard
errors at the student level and display 95% confidence bands. Each panel reports two coefficients, one
for the FiF sample (in green) and one for the non-FiF sample (in black). The panels display coefficients
of regressions with staggered inclusion of controls, i.e., the uppermost coefficients (“Unconditional”)
are from regressions of study field choice only on expected earnings. The second coefficient stems from
a regression that adds perceived own relative ability, the third regression controls for perceived own
relative ability and expectations about relative leisure time, etc.

The difference between FiF and non-FiF students in how strongly earnings
expectations predict field-of-study choice decreases even further when controlling
for students’ expectations about the amount of leisure and expectations about the
likelihood of having a family. While both of these measures are negatively correlated
with expected earnings for non-FiF students (in line with a standard leisure-earnings
trade-off, but also with models of compensating differentials like Rosen, 1986), this
correlation seems substantially stronger for FiF students. Finally, both FiF- and non-FiF
students seem to expect higher-paying fields to lead to work they would enjoy more,
lowering the point estimate of the relation between expected earnings and field of
study and making FiF and non-FiF students even more similar than before.

In summary, non-FiF students do seem to select into study fields conditional on
expected earnings, while for of FiF students earnings expectations seem to matter
much less. This pattern changes once we control for perceived own ability. Including
expectations about non-wage amenities further closes the gap between FiF and
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non-FiF students in how their filed-of-study choice responds to earnings expectations.
Including all counterfactual expectations, FiF and non-FiF students seem to select
similarly on expected earnings.

5 Conclusion

In this paper, we shed light on FiF differences in expected earnings of first-year
university students in a large public German university. In a survey, we elicited
earnings expectations of students at specific ages as well as counterfactual earnings
expectations in other fields, students’ perceived relative ability, expectations about
non-wage amenities, and study motives. Combining this unique survey data with
administrative university records allows us to not only study FiF differences in
expected earnings. It also allows us to gauge the consequences of differences in
earnings expectations, namely how students select into study fields conditional on
their expectations.

We document a pronounced FiF gap in expected earnings at various points in
life. FiF students expect to earn less than their non-FiF peers at the age of 30 as
well as the age of 40. This gap is driven by low-ability and by male FiF students. A
decomposition of this gap into an explained and an unexplained part reveals that our
data, most importantly personal characteristics and field of study choice, can explain
approximately two thirds of the observed gap. Comparing these results to the gender
gap in expected earnings, we see that the FiF gap is only half of the gender gap in
size. The contribution of observable student characteristics is larger for the FiF than
for the gender expectations gap.

Finally, we study selection decisions in an individual fixed-effects model and
provide evidence that FiF students are less responsive to their earnings expectations
when sorting into fields of study. Our findings suggest that this stems from FiF
students’ lower perceived ability in well-earning fields as well as FiF students’ more
negative expectations about non-wage amenities in such fields, like leisure and having
the option to start a family. These findings imply that policies that focus on FiF
students’ expectations may help in closing gaps in field of study choice across FiF and
non-FiF students.
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A Appendix

A.1 Additional Information on Sample

Table A1: Selection into Survey Participation Across Waves

Wave 2022 Wave 2023

N-P P Diff. N-P P Diff.
Female 0.52 0.57 0.05∗∗∗ 0.56 0.57 0.01
A-Levels 270.16 286.79 16.63∗∗∗ 267.35 284.79 17.44∗∗∗

Foreign 0.09 0.06 -0.03∗∗∗ 0.09 0.06 -0.03∗∗∗

Age 21.70 21.48 -0.22∗∗∗ 20.60 20.55 0.04
Teacher 0.14 0.15 0.01 0.15 0.14 -0.01
Humanities 0.15 0.07 -0.08∗∗∗ 0.14 0.07 -0.07∗∗∗

Social Sc. 0.06 0.08 0.02∗∗ 0.07 0.11 0.04∗∗∗

Natural Sc. 0.17 0.14 -0.04∗∗∗ 0.16 0.13 -0.02∗∗

Engineering 0.19 0.17 -0.02∗ 0.17 0.15 -0.02
B & Econ. 0.16 0.21 0.05∗∗∗ 0.15 0.23 0.08∗∗∗

Law 0.06 0.10 0.03∗∗∗ 0.10 0.07 -0.03∗∗∗

Medicine 0.06 0.09 0.03∗∗∗ 0.06 0.09 0.03∗∗∗

Observations 1909 1941 1945 1625

Note: This table shows differences between survey participants (P) and non-participants (NP). All
data come from the administrative university data set. High-school GPA is recoded such that higher
values indicate better grades. “Foreign” refers to nationality which is given in the administrative
data.

Table A2: Additional Sample Characteristics—Relative Ability in Own Study Field

FiF Non-FiF Difference
Teacher Training 72.99 74.91 1.92
Law 76.77 73.20 -3.57
Medicine 66.56 67.42 0.86
Humanities 62.03 64.76 2.73
Natural Sciences 68.92 70.77 1.85
Engineering 71.35 69.51 -1.84
Social Sciences 64.25 68.86 4.61*
Business & Economics 71.62 74.37 2.75

Note: This table reports summary statistics for various subsamples of our sample of undergraduate
students. We display means of relative ability by first-in-family student status, with asterisks
denoting significant differences between the means (measured with a two-sided t-test). * p<0.1
** p<0.05 *** p<0.01. Higher values indicate a higher (i.e., better) relative rank. In each line, we
restricted the sample to students of the respective field, such that the means refer to relative ability
of a student of field i in field i.
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A.2 Comparison to SOEP Data

To compare the FiF gap in expectations to (differences in) realized wages, we look
at data from the German Socioeconomic Panel Study (SOEP). We select a sample of
SOEP participants for which there is information on their parents’ highest degree,
general sociodemographic information, and information on earnings at age 30 and
40 in the data. As in our main specification, we define individuals as first-in-family
if none of their parents attended college. To mimic our survey sample as closely as
possible, we restrict the SOEP sample to people who work full time at age 30 and 40
and to people who went to college themselves. To increase sample size, we select an
age window of two years for each points in time, i.e., Panel I (II) of Table A3 uses a
sample of individuals aged 29-31 (39-41).17 Note that because of the panel structure
of the data, selecting an age window implies individuals repeatedly occurring in the
data. For this reason, we cluster all standard errors at the individual level.

Table A3: FiF Gaps in Gross Monthly Earnings—Comparison to SOEP Data

(1) (2) (3) (4)
Survey SOEP Survey SOEP

I. Outcome: Log (Expected / Actual) Earnings, Age 30

FiF -0.0452∗∗∗ -0.0494∗∗∗ -0.0329∗∗∗ -0.0529∗∗∗

(0.0103) (0.0149) (0.0102) (0.0148)
Observations 3566 4900 3566 4900
Adjusted R2 0.017 0.195 0.057 0.219

II. Outcome: Log (Expected / Actual) Earnings, Age 40

FiF -0.0604∗∗∗ -0.0980∗∗∗ -0.0476∗∗∗ -0.103∗∗∗

(0.0099) (0.0163) (0.0097) (0.0153)
Observations 3566 6251 3566 6251
Adjusted R2 0.013 0.214 0.069 0.300
Controls No No Yes Yes

Note: This table reports coefficients of a dummy denoting first-generation student status in
regressions of expected (columns (1) and (3)) and realized (columns (2) and (4)) log gross monthly
earnings at age 29–31 (39–41) in Panel I (Panel II). Columns (1) and (3) use our survey data on
students, whereas columns (2) and (4) use data from the German Socioeconomic Panel (SOEP).
Columns (1) and (2) show the unconditional FiF gap in expected and realized earnings (we include
fixed effects for year of birth in Column (2)). In columns (3) and (4), we include fixed effects for
year of birth (for survey participants) as well as controls for gender and migration background. In
columns (2) and (4), the sample is restricted to SOEP participants who work full time and who went
to college. In columns (2) and (4) of Panel I (II), we selected an age window of 29-31 (39-41) for
our sample. Standard errors (clustered at the individual level) in parentheses. * p<0.1 ** p<0.05 ***
p<0.01.

17The results are robust to more narrow or wider age windows as well as shifts of the age windows
to ages above 30 and 40, respectively.
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A.3 Comparison to Gender Gap in Earnings Expectations

Table A4: Gender Gaps in Unconditional Earnings Expectations

(1) (2) (3) (4) (5)
I. Outcome: Log EE, Age 30
Female -0.117∗∗∗ -0.0778∗∗∗ -0.0835∗∗∗ -0.0825∗∗∗ -0.0831∗∗∗

(0.0101) (0.0103) (0.0103) (0.0103) (0.0105)
Adjusted R2 0.036 0.120 0.135 0.194 0.197
II. Outcome: Log EE, Age 40
Female -0.139∗∗∗ -0.102∗∗∗ -0.107∗∗∗ -0.109∗∗∗ -0.110∗∗∗

(0.00944) (0.00940) (0.00940) (0.00932) (0.00941)
Adjusted R2 0.056 0.184 0.193 0.270 0.275

Observations 3566 3565 3528 3387 3354
Department FE No Yes Yes Yes Yes
Admin. Controls No No Yes Yes Yes
Study Motives No No No Yes Yes
Amenities No No No No Yes

Note: This table reports coefficients of a dummy denoting being female in regressions of log earnings
expectations (EE) at ages 30 and 40 on study field fixed effects, student characteristics, study motives,
and preferences for non-wage amenities. Robust standard errors in parentheses. * p<0.1 ** p<0.05
*** p<0.01.
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Figure A1: Oaxaca–Blinder–Decomposition of the Gender Difference in Unconditional
Earnings Expectations
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Note: This figure shows the results of Oaxaca–Blinder decompositions of log unconditional expected
earnings (abbreviated EE) at age 30 and 40 in the upper and lower graph, respectively. The upper
panel in both graphs provides information on the gender difference and the shares which our data
can and cannot explain (the displayed percentages always refer to the overall difference). The panel
“explained” below breaks down the explained share from the upper panel into its components and their
contributions to the explained share of the difference.
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