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Abstract

We examine how first-in-family (FiF) graduates — those whose parents do not
have university degrees — fare in the labor market in England. We find that among
women, FiF graduates earn 7.4% less on average than graduates whose parents have
a university degree. For men, we do not find a FiF wage penalty. A decomposition
of the wage difference between FiF and non-FiF graduates reveals two interesting
findings. First, two-thirds of the female FiF penalty is explained by certain char-
acteristics, including having lower educational attainment, not attending an elite
university, selecting particular degree courses, working in smaller firms, working
in jobs that do not require their degree, and motherhood. Second, FiF graduate men
also differ in their endowments from non-FiF graduate men; however, FiF men earn
higher returns on their endowments than non-FiF men and thus compensate for their
relative social disadvantage, while FiF women do not. We also estimate the returns
to graduation for potential FiF and non-FiF young people. We find that the wage
returns to graduation are not lower among FiF graduates compared to those who
match their parents with a degree.
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1 Introduction

Previous literature has presented convincing evidence that earning a university
degree leads to significant labor market returns in terms of earnings and income
(Blundell et al. 2005; Card 1999; Dickson 2013; Oreopoulos and Petronijevic
2013). This had led policymakers to view university access as a key to social mobil-
ity and spurred a large literature on higher education and social mobility (Blanden
and Machin 2004; Britton et al. 2016; Chetty et al. 2017, 2014). In the interest of
improving access, universities across the world have introduced affirmative action
policies to diversify the profile of their student intake and increase the participation
of disadvantaged individuals who were traditionally less likely to attend university
(Arcidiacono and Lovenheim 2016).

In this paper, we explore the labor market returns of a specific disadvantaged
group that is targeted as part of the affirmative action policy in England, the Widen-
ing Participation (WP) agenda (Gorard and Smith 2006): “first-in-family” (FiF) uni-
versity graduates, those whose (step) parents do not have a university degree. The
goal is to understand whether university serves as an equalizer for their outcomes or
if they face a penalty for their socioeconomic background in early career.

The existing evidence on how FiF individuals fare in the labor market is limited
to the USA and is contradictory. Manzoni and Streib (2019) show that there is a sub-
stantial gap in wages between first-generation and continuing-generation students
(those whose parents have degrees) 10 years after graduation in the USA. They
find a similar raw “generational” wage gap among men and women (11% and 9%,
respectively). Controlling for race and motherhood decreases the gap to an insig-
nificant 3% among women while controlling for these characteristics as well as for
early educational attainment and labor market choices (industry, occupation, hours
worked, and location) decreases the gap to an insignificant 4% among men. Sim-
ply comparing raw wages across FiF and non-FiF graduates in the 90s, Nunez and
Cuccaro-Alamin (1998) find no difference in wages one year after graduation among
those employed in the USA. In this same period, Thomas and Zhang (2005) find a
small FiF penalty shortly after graduation that increases to about 4% by the end of
the fourth year in the labor market. To the best of our knowledge, there is no evi-
dence on the labor market outcomes of FiF graduates outside the USA.

This paper documents how FiF university graduates fare in the labor market in
England. First, we compare the probability of employment, hours worked, and the
annual and hourly wages of FiF and non-FiF graduates using regression and decom-
position methods. This allows us to explore whether FiF graduates have different
labor market outcomes than their non-FiF graduate peers (those whose parents are
also graduates). Second, we estimate the returns to graduation for the entire group of
individuals who had the potential to go to university based on their secondary school
attainment. This allows us to probe our earlier findings and disentangle the effect of
an individual’s graduation from their family background. This helps us understand
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whether potential FiF young people earn differential returns to graduating university
than young people whose parents are graduates.

We use linked survey-administrative data on a sample of young people born in
1989/90 in England. While being FiF is not random, we exploit rich data on the
observed pre-university characteristics of young people, including detailed child-
hood measures of family background and prior educational attainment. Further-
more, the data allow us to look at how university and employment choices and gen-
eral adult life circumstances contribute to wage differences between FiF and non-FiF
graduates.

Our results show that controlling for a rich set of pre-university individual char-
acteristics, most importantly for early educational attainment, FiF graduate women
face a 7.4% wage penalty in term of log hourly wages compared to non-FiF female
graduates who match their parents with a university degree. The magnitude of this
association is stable across several robustness checks, including entropy balancing
and propensity score matching, but it loses significance in some specifications. We
find no evidence of this penalty for male FiF university graduates. In fact, we find
that conditional on pre-university characteristics, male FiF graduates earn more on
average than non-FiF male graduates, although this relationship is not stable across
all robustness checks. We find no evidence of a meaningful FiF disadvantage for
men or women in terms of the probability of employment or hours worked.

We investigate the potential channels of these differences using a Kitagawa-
Blinder-Oaxaca decomposition, which decomposes the FiF wage gap into an
explained part that is the consequence of FiF and non-FiF graduates having different
individual characteristics (endowments) and an unexplained part that consists of the
different returns they have to these characteristics. We find that for women, some
characteristics of FiF graduates explain two-thirds of the female FiF penalty. These
include lower pre-university educational attainment, a lower probability of going to
an elite university, a higher likelihood of working in a job that does not require their
highest educational attainment, a higher likelihood of choosing “Education” as a
university course (major), a lower likelihood of working at large firms, and a higher
likelihood of having a child than non-FiF graduate women. Interestingly, some of
these characteristics are true for FiF men, too: FiF men are also more likely to work
in a job that does not require their highest degree and less likely to work at large
firms than non-FiF graduate men. While theoretically, FiF graduate men also should
earn less than non-FiF graduate men based on their endowments, they close this
endowment gap by about two-thirds via different returns to these characteristics. We
propose that as men are less likely to graduate on average than women, men are
more positively selected not just in their observed but most likely also in their unob-
served characteristics, which could explain why men overcome some of their social
disadvantage, but women do not.

Lastly, we find that the average returns to graduation in terms of hourly wage are
insignificant and close to zero for both genders at age 25. However, these models
also reveal that the association between being a potential FiF and wages is signifi-
cantly positive among men and significantly negative among women. Thus, the gen-
dered FiF-wage relationship that we observe in the sample of graduates is not exclu-
sive to graduates. It is clear, however, that the negative female FiF wage gap is the
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consequence of the large negative effect of having non-graduate parents in general
and not the consequence of the returns to graduation being smaller for women with
non-graduate parents. This implies that the intergenerational transmission of labor
market advantage via parental education is gendered and not exclusive to graduates.

The rest of this paper proceeds as follows. We present an overview of related lit-
erature in Section 2, the data in Section 3, and our empirical approach in Section 4.
We compare the labor market outcomes of FiF and non-FiF graduates in Section 5.
We estimate the general returns to graduation for the population of individuals who
had the potential to go to university in order to disentangle the effect of obtaining a
degree from the effect of having parents without a university degree in Section 6. In
Section 7, we offer some discussion before concluding.

2 Related Literature

Whilst this paper uniquely focuses on labor market outcomes by FiF status in Eng-
land, it builds on existing work that examines differences in labor market outcomes
within groups of individuals who obtain university degrees (Britton et al. 2016,
2015; Chetty et al. 2017; Chevalier and Conlon 2003). Recently, research on returns
to university in the UK has benefitted from the linkage of administrative schooling,
higher education, and tax authority data (Belfield et al. 2018). Britton et al. (2016)
use the Longitudinal Education Outcomes (LEO) administrative data to examine
heterogeneity in returns to university degrees by institution, subject, gender, and
socioeconomic status. They find that graduates from higher-income households earn
25% more than their peers from low-income households, but that this earning pre-
mium shrinks to 10% once institution and subject are included in their model.

More recently, Britton et al. (2021) look at the heterogeneity of returns to gradu-
ation by ethnicity and socio-economic status (SES) also using the LEO data. As this
data has no information on parental income or education, they construct a measure
of SES based on Free School Meal (FSM) eligibility and a set of local area dep-
rivation measures. They find that returns to graduation at age 30 vary little across
SES-quintiles. While administrative data provides objective and accurate measures
of earnings and large sample sizes, it does not include the same nuanced measures
of socioeconomic status as cohort study data, including parental education. Recent
work by Lee and Vignoles (2021) shows that university can serve as an earnings
equalizer for men from disadvantaged backgrounds in South Korea, but not for
women. This is similar to the results found in this work and underscores that the
gender differences in achieving intergenerational educational mobility may exist in
different contexts.

Previous work on the labor market outcomes of graduates from disadvantaged
backgrounds in the UK has been limited and relied on older cohorts than the
one used in this paper. Bukodi and Goldthorpe (2011) examine the relationship
between social class and labor market outcomes across three British cohort stud-
ies (born 1946, 1958, and 1970) and find that graduates from a salariat background
are 20-30% more likely to stay in the salariat than their peers from disadvantaged
backgrounds who also acquire a university degree. Crawford and Vignoles (2014)
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examine the differences in earnings between university graduates from advantaged
and disadvantaged backgrounds and find that graduates who attended private school
go on to earn 7% more than their peers who attended state school almost 4 years
after completing university. Other studies from the UK have affirmed this difference
in earnings for private school pupils later in life (Dolton and Vignoles 2000; Green
et al. 2012).

Laurison and Friedman (2016) document similar class earning gaps within pro-
fessional and higher managerial occupations, something they refer to as the “class
ceiling.” Since these differences hold for university graduates from advantaged and
disadvantaged backgrounds in the same occupation, this indicates that this gap is
not driven by university course or occupational choice. In a related measure of labor
market returns, Macmillan et al. (2015) and Sullivan et al. (2018) find that graduates
from disadvantaged backgrounds are less likely to end up in “top jobs” (jobs with
higher earnings, more job security, and better career trajectories) than their advan-
taged peers, even after controlling for university and school performance, degree
subject and institution, and current family situation. Thus, there is convincing evi-
dence that socioeconomic penalties persist even for individuals who beat the odds
and make it to university or certain occupations.

None of these previous studies explicitly examine first in family university gradu-
ates as the specific type of socioeconomic disadvantage. Henderson et al. (2020)
provide the first descriptive evidence on FiF individuals in England. They find that
FiF individuals are more likely to choose certain university subjects, including Eco-
nomics and Law, than their non-FiF peers at university. They also find that FiF indi-
viduals are slightly more likely to take “high earning” subjects (based on the clas-
sification from Walker and Zhu (2011)), but that this difference is only significant at
the 10% significance level and they have not looked at any gender differences. This
paper extends that work by explicitly examining the difference between the labor
market outcomes of FiF and non-FiF male and female graduates at age 25/26.

3 Data

We use Next Steps (formerly the Longitudinal Study of Young People in England,
LSYPE), which follows a cohort of children born in 1989/1990. Next Steps began in
2004 when the sample members were aged 13/14 and comprises eight waves of data
until age 25/26." This cohort of young people can be linked with the National Pupil

! The timing of this cohort means that the young people were affected by New Labour education policy,
which promoted diversity and flexibility in the 14-16 curriculum and introduced capped tuition fees in
higher education before this cohort attended university. Despite universities being allowed to choose their
fee amount, almost all UK institutions chose to charge the full £3,000 per annum fee (Wyness, 2010). In
addition to this policy change, the Next Steps cohort also faced some administrative changes in loan and
grant entitlement, which ultimately did not result in an overall change to access to finances, rather changes
in the application process (see Wyness (2010) for additional information). It is worth noting that most
students do not have to pay their fees in advance of study and they can take out a government endorsed
student loan for the full value of the fees and a contribution to the costs of living. These are ‘income-con-
tingent’ student loans which mean that graduates only start to repay the loans when they are earning over a
certain income threshold, which reduces some of the risk involved in higher education study.
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Database (NPD), administrative data on all pupils attending schools in England,
allowing us to access their national school exam results. Respondents of the Next
Steps study were selected to be representative of young people in England using
a stratified random sample of state and independent schools, with disproportionate
sampling for deprived schools, i.e. those in the top quintile of schools in terms of
the share of pupils eligible to Free School Meals (Department for Education 2011).2
In deprived schools, students of minority ethnic backgrounds were over-sampled to
provide a sufficient number of observations for analysis (Centre for Longitudinal
Studies 2018). Design weights were constructed to take care of the oversampling of
deprived schools and ethnic minority students within deprived schools using inverse
probability weighting such that “the school selection probabilities and the pupil
selection probabilities ensured that within a deprivation stratum, all pupils within
an ethnic group had an equal chance of selection” (Department for Education 2011).

Starting from wave 1, attrition weights are published, estimated by stratum, to
take care of the initial school-level non-compliance as well as individual attrition
from the study. The weighting procedure differs by school type (independent vs.
state schools) and takes into account both school-level and individual-level informa-
tion. The final models to predict the probability of individual non-response differ
in each wave, and the estimated probabilities are carried across waves as the study
progresses.

Schools are the primary sampling units of Next Steps, then pupils within schools.
The two-stage sampling design presents a possible clustering effect due to school-
specific unobserved random shocks. We account for the potential within-school cor-
relation of the error terms via the application of clustered robust standard errors as
suggested by Abadie et al. (2017). In the first four waves, both young people and
their parents were interviewed, and the information content of all variables on fam-
ily background and parental education that we use in this paper was reported directly
by the parents. From wave 5, only young people were interviewed.

In terms of information on employment, wages, and university graduation, we use
the Next Steps age 25/26 data which covers 7707 young people, 49% of the actual
sample of the first wave. All results that we present in this paper are weighted by the
final weights that are constructed by the data provider to take care of initial over-
sampling of disadvantaged schools and ethnic minority students, school non-compli-
ance, the wave 4 ethnic boost, and attrition across all waves. In order to avoid drop-
ping cases with missing or unknown information on background variables, we take
the first available response over the first four waves. We take care of any remain-
ing item non-response of explanatory variables using missing flags. As a robustness

2 In the beginning of the study, 54 independent and 646 state-maintained schools were chosen, but
almost half of the independent schools (especially those in inner-London) and a fifth of state schools
decided not to participate. The first wave thus started with a 21,000-observation issued sample of
13-/14-year-old pupils in 28 independent and 646 maintained schools with an average response rate of
74%, resulting in a 15,770-observation initial sample. In wave 4, a 600-participant ethnic boost sample
were added to the study, selected from the schools that were chosen at the beginning but did not cooper-
ate in wave 1 (Centre for Longitudinal Studies, 2018).
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check, we reproduce our main results with mean imputation of the missing values in
Table A3 in the Appendix A.

We are looking at four outcome variables: employment, log annual wage, hours
worked, and log hourly wage. Out of the 7683 observations having data on employ-
ment, 81% worked in 2015 when the data were collected (Table 1). From the wage
models, we exclude observations with outlier values on annual wage, hours worked,
and hourly wage according to the following criteria. We exclude those whose annual
wage is less than 50 GBP (14 observations) or more than 1,000,000 GBP (six obser-
vations), those who reported working less than one hour per week (nine observa-
tions) or more than 80 hours per week (10 observations), and those earning less than
one GBP per hour (nine observations) or more than 200 GBP per hour (seven obser-
vations). We provide a robustness check to our main results (model 4 in Table 3) in
Table A2 in the Appendix A to show that this step does not change our results. After
this step, we are left with a total sample of 5213 observations having data on hourly
wages. As we do not observe wage data for everybody, as a robustness check, we
replicate our main results with controlling for the inverse Mills ratio of the prob-
ability of employment and reporting wage conditional on employment estimated in
a Heckman-style selection equation in Table A6 in the Appendix A. Although data
on wages are self-reported in Next Steps, comparisons with recent estimates of the
returns to university graduation using administrative tax return data (Belfield et al.
2018) are very similar to the estimates obtained using Next Steps, which gives us
confidence in the quality of the wage data (Table Al in the Appendix A).?

In our sample, 27% of young people have graduated from university. The most
comparable statistics capturing the share of graduates in this cohort comes from the
Annual Population Survey (APS) and gives a higher estimate, 39.6% (Office For
National Statistics 2019). There are however significant differences between the two
samples and the two definitions. The APS samples everyone who lived in England
in 2015 and is aged 25/26, while Next Steps includes only those who have lived
in England since age 13/14. The APS graduation rate also takes all types of Level
4 degrees into account, while in Next Steps, we only look at BA/BSc and higher
university degrees (and thus exclude Level 4 specifications below university degree
level).

Out of university graduates, 68% are first in family (FiF) (Table 1); i.e. none of
their (step) parents have earned a university degree (BA, BSc or above).* Note that
the share of FiF among graduates would be 45% in Next Steps if we used the same
definition of parental graduation as the UK Higher Education Statistical Agency
(HESA) that considers parents as graduates not only if they hold university degrees

3 Following Belfield et al. (2018) as closely as possible, we estimated returns to graduation using a sam-
ple of individuals having at least five A*-C GCSE examinations in Next Steps, using log annual wages
measured at age 25/26 as the dependent variable and controlling for the same background characteristics
and prior school achievements as Belfield et al. (2018), separately for men and women. While there are
some inherent differences in the data and the setup between Belfield et al. (2018) and Next Steps, we
have received quite similar returns to graduation estimates (subsection Al Appendix A).

# Information on parental education is missing for 43 observations in the sample. We provide a robust-
ness check to this problem in subsection A5 in Appendix A.
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but also if they hold below-degree level higher education diplomas or certificates.
We have chosen the definition of FiF in this paper to stay in line with WP policy.

Women are six percentage points less likely to work, and if they do, they work
about 5 hours less per week than men (Table 1). The raw gender wage gap is 20%
in annual wages and 9% in hourly wages. Women are three percentage points more
likely to be graduated, and among graduates, seven percentage points more likely to
be FiF.

Interestingly, while among those whose parents are graduates (not-potential FiF),
women are one percentage points less likely to graduate than men; among the poten-
tial FiF (i.e. whose parents are not graduates), women are four percentage points
more likely to graduate than men (Table 2). Thus, it is only true among the potential
FiF that women are more likely to graduate than men.

Comparing the means of the four labor market outcomes (Table 2), FiF graduates
are about as likely to be employed as graduates whose parents are also graduates
(89% and 87%, respectively), but they are a lot more likely to be employed than non-
graduate individuals whose parents are not graduates (89% vs. 77%). In terms of
annual and hourly wages, graduates whose parents are also graduated earn the most,
both on average and among each gender (Table 2). Interestingly, they work the most
hours per week as well. Among university graduates, FiF graduates earn on average
14% less annually and 9% less hourly than non-FiF university graduates. The raw
FiF wage penalty is higher for women than for men: 17% vs. 10% per annum and
15% vs. 2% per hour.

Looking at the gender difference in the two potential FiF groups, we see no mean-
ingful gender gap in the probability of employment and in hours worked (Table 2).
There is however a gender gap in annual (-15%) and hourly wages (-8%). Interest-
ingly, in hourly wages, there is only a gender gap in the FiF group (14%).

4 Empirical approach

Throughout this analysis, we look at the relationship between intergenerational
educational mobility and four outcome variables at age 25/26: the probability of
employment, log annual wage, hours worked, and log hourly wage. Employment is a
binary variable indicating whether the individual is employed or not. Hours worked
is continuous variable indicating how many hours one works during a usual work
week. Log wages are continuous variables capturing the natural logarithm of self-
assessed gross annual and hourly wages. Naturally, we only observe wages only
for those who were working at the time of the data collection and reported wage
data. As mentioned before, on average, 81% of the sample work and 82% of those
employed report wage data (Table 1). In Table A6 in the Appendix A, we provide
a robustness check to investigate any potential estimation bias due to selection to
employment and reporting a wage.

We are using observational data and cannot exploit a random or natural experi-
ment to identify the causal effects of being FiF on labor market outcomes. We do
not claim that our findings are causal; instead, we aim to decrease the selection bias
by using a rich set of control variables, including prior educational attainment to
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control for ability and compulsory school progression to get closer to the causal
impacts of intergenerational educational mobility on labor market outcomes. As
robustness checks, we explore quasi-experimental methods, entropy balancing and
propensity score matching techniques.

This paper looks at FiF graduates from two angles. First, we look at differences
in the labor market outcomes of FiF and non-FiF university graduates. Second, we
estimate returns to graduation among those who could have been able to go to uni-
versity based on their secondary school achievements.

4.1 Comparing the labor market outcomes of FiF and non-FiF graduates

We start by examining whether being first in family influence the probability of
employment, hours worked, and wages among graduates, conditional on pre-university
individual characteristics. Note that being FiF, i.e. parental education, could theoretically
have already affected some of these characteristics well before going to university (such
as test scores at age 11 and 16), and thus, they might be bad controls (Angrist and
Pischke 2008). This would most likely cause a downward bias in terms of the magnitude
of the estimated FiF coefficients. To address these concerns, we differentiate between
control variables and potential channels of the effects of being FiF on labor market
outcomes based on the timing of observation. Individual characteristics observed before
university participation are considered as controls and they are included in our main
model in Section 5.1, while variables observed after going to university are considered
as channels and added to the model in Section 5.2.
We estimate the following linear regression models:

yi=a1+b1XFiFi+cl><Xi+uli (1)

where

i is one of the four outcome variables;

FiF; is a binary variable taking the value “1” when neither of the individual’s
(step) parents have a university degree;

X; is a vector of pre-university individual characteristics; and.

u,;  1s an error term, robust and clustered by sampling schools.

In the first model, we do not include any control variables besides FiF (model
1). In model 2, we control for whether the individual belongs to the boost sample.
Then, following the empirical strategy of Blundell et al. (2005) and Belfield et al.
(2018), we control for demographic and family background characteristics (individ-
uals’ age measured in months, ethnicity, fixed effects (FE) for the region of school

at age 13/14, whether individuals were born in the UK, and mother’s and father’s
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age, mother’s and father’s social class, and the number of siblings, all measured
when individuals aged 13/14, and lastly, for free school meal (FSM) eligibility in
age 15/16), as well as whether individual i belongs to the sample boost added to the
survey in wave 4, in model 35

Lastly, we extend the model with key stage 2 exam score quintiles,® measured at
age 11, in math and reading as a proxy for cognitive abilities, and with capped linear
GCSE (key stage 4) score’ quintiles measured at age 16 to control for educational
progression in compulsory schooling in model 4. We include the quintiles of test
scores instead of their continuous values because it allows us to include a missing
category for the proportion of our dataset that did not have the successful link to
administrative education data. To make sure that not missing values (or the categori-
zation) drive our results, we provide a robustness check in Table A3 in the Appendix
A where we use the scores themselves and apply mean imputation (and a separate
missing dummy) for the missing values.

We consider model 4 as our main model. First, we control for the missing values
of the explanatory variables using missing flags as mentioned above, except in the
case if first in family. The number of missing values of FiF among graduates is eight
among men and 10 among women in the total sample of graduates and six and nine,
respectively, among those reporting hourly wage. We drop these observations and
provide a robustness check showing that not dropping these observations lead our
results. In particular, we re-estimate our main results allocating either O or 1 to all
individuals with missing FiF and show that our results stay similar in Table AS in
the Appendix A. We provide a robustness check where we employ mean imputation
for the missing values of the key control variables in Table A3 in the Appendix A.
The descriptive statistics of all variables in the models are shown in Table Al in the
Appendix A of Adamecz-Volgyi et al. (2022).

We provide three further robustness checks to these main results in the Appendix.
First, we apply two quasi-experimental evaluation methods in Section A4: entropy
balancing and propensity score matching. These results confirm that the negative
FiF wage gap is robust among women; however, the positive FiF wage gap among
men is not (Table A4).

5> As a further specification, we aimed at estimating a further type of model that included sampling
school fixed effects (FE). However, the number of observations did not allow the inclusion of 647 school
indicator variables.

6 English schools monitor the attainment of children throughout compulsory education by means of
national examinations called key stages. These exams are taken at age 7 (key stage 1), 11 (key stage 2)
in primary school, and 14 (key stage 3), 16 (key stage 4/General Certificate of Secondary Education/
GCSE) in secondary school. At age 18, students take A-level examinations (key stage 5) or equivalent
vocational qualifications, which are generally seen as a prerequisite for participation in higher education
(although other routes are possible) (Anders and Henderson 2019). The subjects which comprised key
stages from September 2014 are maths, English, science, history, geography, art and design, physical
education, music, languages (key stage 2 and key stage 3), computing, design and technology, and citi-
zenship education (key stage 3) (Roberts 2018).

7 Capped linear GCSE scores are capped to the best eight subjects studied and the grades translated into
a linear score where the worst grade, G, is allocated 16 points, and thereafter, each grade improvement is
worth six additional points. This variable was derived by the Department for Education and is commonly
used as a measure of attainment at age 16.
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Second, as mentioned before, we do not observe wage data for all individuals.
We aim at controlling for selection to employment and reporting wage using a
selection model (Heckman 1979) in Table A6 in the Appendix A. While we have
to rely on the same control variables that we used before (i.e. no exclusion restric-
tion), we believe that the fact that these models are estimated on the full sample, we
still exploit additional information. These results again confirm that the negative FiF
wage gap in hourly wages is robust among women; however, the positive FiF wage
gap among men is not.

Finally, we apply two methods to look at the potential channels of the estimated
relationship between FiF and labor market outcomes. First, we extend the main
model (model 4) with a set of university and post-university variables using the
same regression framework in Section 5.2. Second, we decompose the raw FiF gaps
using a Kitagawa-Blinder-Oaxaca decomposition (Blinder 1973; Oaxaca 1973) and
estimate the share of the gap originating from the different distribution of individual
characteristics (endowments) across FiF and non-FiF graduates in Section 5.3. This
method reveals how large of a share of the gap is the consequence of the different
endowments of FiF and non-FiF graduates, and how large of a share remains unex-
plained. We apply common coefficients estimated from a pooled regression (Neu-
mark 1988); thus, the estimated coefficient of the unexplained gap is identical to
the coefficient of FiF in a regression model that pools together the data of the two
groups and controls for FiF as well as the same control variables (as model 5 in
Table 4). In other words, the unexplained gap in the pooled Oaxaca model is the gap
that still remains after controlling for all control variables. The value added of the
method compared to a regression is that it shows how large is the relative contribu-
tion of each endowment to the raw gap as well as how the returns to these character-
istics differ across the two groups in one step.

4.2 Estimating returns to graduation

In Section 6, we estimate the returns to graduation for a subsample of Next Steps
(including those who did and did not go to university) and look at whether they are
heterogeneous by parental graduation. We follow Belfield et al. (2018) and construct
a subsample of those who could theoretically have gone to university, i.e. achieved
high-enough grades at the GCSE exams at age 16 (at least five A*-C GCSEs). This
would have enabled them to pursue A-levels, and therefore university, and should
assuage some concerns about the comparability of the control group. We then esti-
mate the following wage models separately by gender:

wage; = a, + b, X graduate; + ¢, X X; + uy, (2)
where
wage; is log hourly wages,
graduate; is a binary variable capturing whether individual i is a univer-

sity graduate;
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X; is a vector of individual characteristics, which in some models
includes:

parents_nodegree; is a binary variable capturing whether individual i’s parents do

not have university degrees;

FiF, is the interaction of “parents_nodegree” and “graduate”;

Uy; is an error term, robust and clustered by sampling schools.

We estimate Eq. (2) using ordinary least squares and sequentially introduce our
control variables as before. In model 1, we do not control for any other characteris-
tics than the variables of interest, “graduate;.” In model 2, we add whether the indi-
vidual belongs to the sample boost added to the survey in wave 4, along with demo-
graphic and family background characteristics (age in months, mother’s and father’s
social class, region at age 13/14, ethnicity). In model 3, we add pre-university edu-
cational attainment (GCSE and A-level raw scores) as well as indicator variables
for A-level subjects (math, sciences, social science, humanities, arts, languages, and
other), whether attended Level 3 studies, whether obtained vocational qualifications,
and whether attended independent secondary school at age 13/14. In model 4, we
add potential FiF (i.e. parents without a university degree, non-graduates), and in
model 5, we add the interaction term of potential FiF and whether or not the indi-
vidual obtained a university degree. This allows us to disentangle the effects of an
individual’s own graduation from their parents’ educational attainment.

5 The FiF gap in labor market outcomes
5.1 Main results and robustness checks

We begin with a discussion of the main results obtained from estimating the model
described in Eq. (1). Table 3 shows the association between being first in family
and the probability of employment, log annual wages, hours worked, and log hourly
wages estimated in linear models on the sample of university graduates in our main
models (model 4).® There is no meaningful difference in the probability of employ-
ment and hours worked between FiF and non-FiF graduates, neither for men nor for
women. In terms of log annual wages, FiF graduate men earn an insignificant 0.044
log points more than non-FiF graduate men, while in terms of log hourly wages,
they earn 0.075 log points (7.8%) more. This difference is statistically significant at
the 5% significance level. Among women, this relationship is reversed: FiF graduate
women earn 0.059 log points less per annum and —0.077 log points (7.4%) less per
hour than non-FiF graduate women. This relationship is significant at the 10% sig-
nificance level.

8 The results of all models together (models 1-4) are shown in Table B1 in Appendix B, and the detailed
results of the main models (model 4), including the estimated coefficients of all control variables, are
shown in Table O1 in the Online Appendix of Adamecz-Volgyi et al. (2022).
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We provide several robustness checks to these results in the Appendix. We get
very similar results when we do not exclude the outlier values of wages and hours
worked (Table A2), when we use mean imputation to handle the missing values of
the control variables instead of missing flags (Table A3), and when we assign all
missing values of FiF to be either 0 or 1 (Table A5). Applying entropy-balanced
weights and propensity score matching (Table A4) shows that the negative FiF wage
gap is robust among women; however, the positive FiF wage gap among men is not.
Controlling for the probability of employment and reporting wage again confirms
that the negative FiF wage gap in hourly wages is robust among women but the posi-
tive FiF wage gap among men is not (Table A6).

5.2 Potential channels of FiF hourly wage differences

In Table 4, we extend our main wage model (model 4 in Table 3) to look at whether
adding further control variables to the model changes the magnitude of the esti-
mated FiF gap on the sample of graduates. The goal here is to identify variables that
may be driving the FiF gap. We include measures on the details of university degree
(university quality, subject choice), the details of employment and finding a job, fer-
tility and living conditions, and non-cognitive skills. We think about these measures
as potential channels of the effects of being FiF on wages, and we are interested in
whether they attenuate the FiF gap. Note that any of these variables, just as some of
the earlier control variables that we used in the main model, could be bad controls
(Angrist and Pischke 2008) in the sense that they could already be the consequence
of parental education. Model 1 in Table 4 is our previous main model (i.e. the same
as model 4 in Table 3), which we include as a point of comparison.

One potential source of the female FiF penalty could be if FiF graduates study at
lower quality institutions or do degrees in lower return subjects. Thus, in model 2,
we add variables on the details of the university degree of individuals, on top of the
variables used in the main model. These are the following: (1) having an MA/MSc
degree (as opposed to a BA/BSc); (2) university course in seven categories: med-
icine; sciences; engineering, tech, architecture; law and business; social sciences,
humanities, languages; education; other; (3) attending a Russell Group university’ (a
group of 24 research intensive universities, often used as a measure of elite univer-
sity); (4) having a student loan; (5) working while at university at age 19/20 in wave
7 as a career step or for other reasons.

Second, it also may be that they choose different occupations, work in different
industries, have different preference about jobs, or they have less social capital that
would help them to find good jobs, than non-FiF graduates. In model 3, we add
variables on the details of employment on top of the variables used in the previous
model: (1) preference for a high-paying job at age 13/14; (2) finding job through
social network; (3) whether qualification was needed to get current job; (4) work-
ing more than 45 h a week; (5) working part-time; (6) occupation (1-digit Standard
Occupational Classification (SOC) code); (7) industry (1-digit Standard Industrial

9 See https://russellgroup.ac.uk/about/ for more detail.
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Table 4 The FiF gap in log hourly wages: potential channels
Model 1 Model 2 Model 3 Model 4 Model 5

(eY) (@) 3 “ )
Men
FiF 0.075%%* 0.075%*%  0.099*%**  0.106***  0.100%**
(0.037) (0.037) (0.037) (0.037) (0.037)
Constant 1.981 2.222% 1.812 1.753 1.596
(1.206) (1.213) (1.123) (1.114) (1.127)
Observations 863 863 863 863 863
R-squared 0.186 0.213 0.377 0.386 0.394
‘Women
FiF -0.077*  —-0.059 —0.054 —-0.051 —0.047
(0.040) (0.038) (0.036) (0.036) (0.035)
Constant 0.637 0.418 1.008 0.917 1.057
(0.899) (0.905) (0.820) (0.821) (0.822)
Observations 1167 1167 1167 1167 1167
R-squared 0.140 0.202 0.348 0.353 0.363
Potential channels
Details of HE degree No Yes Yes Yes Yes
Details of employment and finding a job ~ No No Yes Yes Yes
Family and living conditions No No No Yes Yes
Non-cognitive skills No No No Yes Yes

Sample of university graduates. Linear regression models estimated by OLS, weighted using wave 8
weights. Robust standard errors clustered by sampling school are in parentheses. *p <0.1, **p <0.05,
*#%p <0.01. Control variables: Sample boost: whether the individual belongs to the sample boost added
to the survey in wave 4. Demographics and family background: age measured in months in 2015 as a
continuous variable; ethnicity (White); region at age 13; whether born in the UK; mothers’ and fathers’
age, mothers’ and fathers’ social class, number of siblings, FSM eligibility. Early educational attain-
ment: math and reading. Key stage 2 test scores in quintiles measured at age 11. Educational progression:
capped linear GCSE score quintiles at age 16. Details of HE degree: having an MA degree; course (7
categories: medicine; sciences; engineering, tech, architecture; law and business; social sciences, human-
ities, languages; education; other); going to a Russell Group university, having student loan; working
while at university. Details of employment and finding a job: industry, occupation, preference for a high-
paying job at age 13, finding job through social network, whether qualification was needed to get current
job, working more than 45 h a week; occupation (1-digit SOC); industry (1 digit SIC), living in London,
firm size, employment tenure. Family and living conditions: having children; living with parents; having
a partner. Non-cognitive skills: locus of control; preference for risk; patience; trust. The missing val-
ues of control variables are controlled for using missing flags. Source: University College London, UCL
Institute of Education, Centre for Longitudinal Studies. (2018). Next Steps: Sweeps 1-8, 2004-2016:
Secure Access. https://doi.org/10.5255/UKDA-SN-7104-4

Classification (SIC) code); (8) living in London; (9) employment tenure in month;
(10) firm size (small, medium, large).

Another potential explanation for why we observe a FiF penalty for women may
be that FiF women might be more likely to have children earlier than their non-FiF
graduate peers. If they have already taken time out of the labor market to have chil-
dren, they may face a child penalty, which might explain part of the FiF penalty.
Similarly, they might also make different living and mating choices. Thus, in model
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4, we add variables on their family and living circumstances at age 25/26 on top of
the variables used in the previous model: (1) having a partner: defined as a partner
living in the same household; (2) living with parents; (3) having children (binary).

Lastly, it may be that FiF graduates have different non-cognitive skills than their
non-FiF graduate peers, which leads to lower labor market outcomes. Thus, we test
this hypothesis by adding non-cognitive measures measured at age 25/26 in model
5 including: (1) locus of control: the extent to which participants believe that they
have control over events in their lives, derived using a 4-item scale based in Lefcourt
(1991); (2) trust: how trusting individuals would say themselves in other people on
a scale from 0 to 10; (3) risk-taking: how willing individuals are to take risks on a
scale from O to 10; and (4) patience: how patient individuals believe themselves on a
scale from O to 10.

5.3 Kitagawa-Blinder-Oaxaca decomposition of the FiF gap

The Kitagawa-Blinder-Oaxaca decomposition separates the FiF wage gap into an
explained part that is the consequence of FiF and non-FiF graduates having different
individual characteristics (endowments) and an unexplained part that consists of the
different returns they have to these characteristics. In all decompositions presented
below, we control for the same variables as in model 5 in Table 4 in the previous sec-
tion. As we have seen in Table 2, the raw FiF gap is negative in terms of log annual
and hourly wages, both for women and men. Testing the raw gap formally reveals
that for men, the gap in log hourly wages is small and insignificant (0.043; Table 5).
The difference in the endowments between FiF and non-FiF graduates would suggest
a larger wage penalty on FiF graduate men, 0.143; however, almost 70% of this dif-
ference (0.100) is counterbalanced by the different returns FiF male graduates have
to those characteristics (unexplained gap). Note that the unexplained gap coefficient
is the same as the coefficient on FiF in model 5 in Table 4; thus, this is the statistical
relationship between FiF and log hourly wages after controlling for the same charac-
teristics. In the case of women, endowments explain 0.086 out of the 0.133 raw gap
in log hourly wages, and the role of returns to those characteristics (the unexplained
gap) is insignificant (0.047, just as the coefficient of FiF in model 5 in Table 4).

As mentioned before, the value added of the KBO decomposition compared to
simple regression models is that it allows to look at the relative contribution of each
endowment to the endowment gap, as well as to look at which characteristics might
bring higher or lower returns to FiF graduates than to non-FiF graduates. In terms of
endowments, the detailed results in Table B2 in the Appendix B of Adamecz-Volgyi
et al. (2022) show that it contributes towards FiF graduates earning less that they are
less likely to work in a job where their highest degree is needed, and they are also
less likely to work for large firms than non-FiF graduates for both genders. For men,
relative family disadvantage (FSM eligibility) also contributes to the endowment
gap, as well as whether they live with their parents. For women, being less likely to
make it to the highest quintile of math test scores at age 11, to go to a Russell Group
university and to work at large firms, and being more likely to choose Education as
a university course, to work in jobs that would not require their highest educational
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attainment, and to have a child than non-FiF graduate women explains about two-
thirds of the FiF wage gap.

In terms of the returns to these characteristics, both FiF men and women seem to
earn relatively less if they are White than non-FiF graduates, while FiF men are able
to compensate some of the gap if they were born in the UK, choose Engineering as
a university subject, or have a student loan. For women, it contributes toward the
FiF penalty (i.e. offers lower returns to FiF women than to non-FiF women) if they
studied Social science, Humanities or Languages, had high reading test scores in
age 11, or found their job through their social network. As the interpretation of indi-
vidual variables in their contribution to the unexplained portion of the gap is not as
straightforward as in their contributions to the endowment gap (Jann 2008), we do
not provide further interpretation here.

6 Disentangling the returns to graduation from parental education

The results found in the first part of this paper show a wage penalty for FiF women
as compared to non-FiF graduate women but not for men. This penalty for FiF
women could be driven either by lower returns to graduation for FiF women or a
large penalty for having non-graduate parents (i.e. a socio-economic or family back-
ground penalty). To probe these two mechanisms, we now turn to our attention to
estimating the returns to graduation on a sample of university graduates and young
people who had the potential to go to university but did not.

For men, we find that gradually adding the previously mentioned control vari-
ables (whether the individual belongs to the sample boost; demographic and fam-
ily background characteristics (age in months, mother’s and father’s social class,
region at age 13/14, ethnicity); pre-university educational attainment (GCSE and
A-level raw scores); indicator variables for A-level subjects (math, sciences, social
science, humanities, arts, languages, and other); whether attended Level 3 studies;
whether obtained vocational qualifications and whether attended independent sec-
ondary school at age 13/14) decreases the estimated raw returns to graduation from
8.1 log points (significant at the 1% significance level) in model 1 to a non-signif-
icant—0.008 log points in model 3 (Table 6). When we control for parental non-
graduation in model 4, it does not change the estimated average effect on graduation,
and children of non-graduated parents tend to earn 8.1 log points more on average.
Looking at the differential effects of graduation across individuals of non-graduate
and graduate parents in model 5 reveals no significant difference across the two
groups for men.

For women, we find that adding background and educational variables decreases
returns to graduation from 10.2 log points (significant at the 1% level) in model 1 to
an insignificant 0.018 log points in model 3. Young people with non-graduate par-
ents tend to earn on average 10.4 log points less (model 4). Decomposing the effects
of graduation across children of graduate vs. non-graduate parents reveals that
returns to graduation are somewhat higher for the potential FiF (model 5), although
the difference is not significant. The effects of having non-graduate parents among
women is so highly negative though, that it is larger than the returns to graduation
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Table 6 Returns to graduation in log hourly wages

Model 1 Model 2 Model 3 Model 4 Model 5

)] (@) (€) “ %)
Men
Graduation 0.081#** 0.054**  —0.008 —0.006 —0.009
(0.027)  (0.027)  (0.030) (0.030) (0.047)
Parents have no degree 0.081%** — 0.079*
(0.028) (0.041)
FiF (graduation* Parents have no degree) 0.004
(0.053)
Constant 2.383%*k%  2.507*%*% 2.063%* 2.053%* 2.053%*
(0.018)  (0.852)  (0.842) (0.843) (0.843)
No. of obs 1389 1389 1389 1389 1389
R-squared 0.009 0.077 0.130 0.134 0.134
‘Women
Graduation 0.102%** (0.083*** 0.018 0.014 —0.033
(0.023)  (0.022)  (0.024) (0.024) (0.056)
Parents have no degree —0.104%%*%  —(.136%**
(0.033) (0.047)
FiF (graduation* Parents have no degree) 0.061
(0.059)
Constant 2.264%%*  —0.065 —0.604 —0.555 —0.555
(0.017)  (0.713)  (0.717) (0.707) (0.705)
No. of obs 1948 1948 1948 1946 1946
R-squared 0.014 0.061 0.114 0.122 0.123
Control variables
Sample boost Yes Yes Yes Yes Yes
Family background No Yes Yes Yes Yes
Early and pre-university educational No No Yes Yes Yes

attainment

Sample of those having at least 5 A*-C GCSE examinations. Linear regression models estimated by
OLS, weighted using wave 8 weights. Robust standard errors clustered by sampling school are in paren-
theses. *p<0.1, **p <0.05, ***p <0.01. Control variables: sample boost: whether the individual belongs
to the sample boost added to the survey in wave 4. Family background: age in months as a continuous
variable, mother’s and father’s social class, region, ethnicity. Early and pre-university educational attain-
ment: GCSE and A-level raw scores, indicator variables for A-level subjects as math, sciences, social
science, humanities, arts, languages, and other, Level 3 studies, a binary variable for having vocational
qualifications, a binary variable capturing whether the individual attended independent secondary school
at age 13/14. Missing observations are controlled for using missing flags. Source: University College
London, UCL Institute of Education, Centre for Longitudinal Studies. (2018). Next Steps: Sweeps 1-8,
2004-2016: Secure Access. https://doi.org/10.5255/UKDA-SN-7104-4

themselves. Thus, the negative effect of FiF that we have found earlier for graduate
women is not the consequence of the returns to graduation being smaller among
potential FiF women, but the consequence of the large negative effects of having
non-graduate parents among women in general, irrespective from graduation.
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7 Discussion and conclusion

This paper is the first to investigate the early career labor market outcomes of first
in family university graduates outside the USA. Our empirical approach allows us to
examine whether FiF university graduates face a premium or a penalty in the labor
market as compared to their peers who match their parents with a degree. Compar-
ing the wages of a recent cohort of university graduates in England, we find that
there is a substantial gender difference in the association between being first in
family to graduate from university and wages at age 25/26. While for men, being
FiF is not associated with lower wages, FiF women earn on average 7.4% less than
graduate women whose parents are also graduates, net of the effect of pre-university
educational attainment and other measures of family background. This is similar
to recent findings from South Korea (Lee and Vignoles 2021). Although Lee and
Vignoles (2021) do not look at FiF graduates explicitly, they show that female uni-
versity graduates from disadvantaged backgrounds have lower earnings than their
female peers from advantaged backgrounds, but that university serves as an equal-
izer for men.

Once we conduct a Kitagawa-Blinder-Oaxaca decomposition, we find that six
factors explain two-thirds of the female FiF gap: taking a job which did not require
their university degree, having lower prior attainment, earning a degree from a less
prestigious institution, being less likely to work at large firms, being more likely
to have a child, and choosing Education as their university course. This is in line
with Campbell et al. (2020) who find that high-attaining women at university tend to
choose courses that offer lower expected earnings than men, i.e. Education. Further-
more, we find that it is also true for FiF men that working in jobs that do not require
their highest degree and being less likely to work at large firms reduces their average
pays compared to non-FiF male graduates. Thus, both FiF men and women “under-
match” in the labor market (that is to say they work at smaller firms and in jobs that
do not require their highest educational attainment). This indicates a larger role for
university career services targeted at this disadvantaged group.

Interestingly, the theoretical FiF wage gap that arises from the endowments of
men and women are of similar magnitudes for both genders. However, men are able
to compensate for two-thirds of their theoretical endowment gap while women are
not. The first potential explanation for this puzzle is that the social pressure to con-
tribute financially to their families, or to be a financial success, might be felt more
acutely for FiF men than FiF women and hence men have a higher preference for
well-paying jobs.

Second, being FiF is clearly not random. While we control for a rich set of indi-
vidual characteristics, it is likely that some unobserved selection remains. We pro-
pose that as men are less likely to go to university than women, male FiF graduates
might be more strongly selected than female FiF graduates. In terms of their observ-
able characteristics, we see that the raw FiF wage gap changes more for men once
we extend our wage models with individual characteristics than for women, which
could be an indication of stronger selection. As FiF men seem to be more selected in
their observable characteristics than FiF women, it seems reasonable to assume that
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they might be more selected in terms of their unobservable characteristics as well.
Thus, it is possible that FiF men are able to compensate their disadvantages because
they are more selected in their unobserved abilities, skills, motivations and choices.
Such unobserved variables could be, for example, personality characteristics like
overconfidence or motivation, which could contribute to these results.

The third potential mechanism how FiF men compensate their social disadvan-
tages could be firm choice. As in this paper we cannot control for firm fixed effects
(only for industry, occupation, and firm size), we have to leave the question open
as to whether firm choice matters in explaining this gender puzzle. Lastly, there is
recent evidence that women use their cognitive skills less at work than men (Petd
and Reizer 2021), which might also be heterogeneous by FiF status.

With respect to the question of whether the penalty for FiF women is driven by
lower returns to graduation for FiF women or a large penalty for having non-grad-
uate parents (i.e. a socioeconomic or family background penalty), we find evidence
to support the latter. We use a sample of university graduates and young people who
had the potential to go to university but did not. We find that the returns to gradua-
tion are not lower for women whose parents are not graduates compared to women
whose parents are graduates. However, women face a large penalty in the labor mar-
ket for coming from a less educated family — hence the female FiF penalty that
we have found earlier. The results for men are again quite different from those for
women: men with non-graduate parents earn on average more than men with gradu-
ate parents, irrespective of whether they themselves graduate or not. This surpris-
ing result might be due to the social pressure on men towards financial success;
men with lower initial financial resources might be more motivated to earn more
than men from wealthier families. The very different findings for women might
be explained by gender differences in the effects of lower initial levels of financial
resources and social capital, or differential levels of motivation or social pressure to
improve their financial standing.

Furthermore, we have found that FiF women are less likely to make it to the top
quintile of math test scores at age 11 and are more likely to have a child at age 25
than non-FiF women, and these factors contribute to the female FiF penalty. This
paper explicitly focuses on FiF graduates, and formally looking at the factors in the
relationship between parental graduation and wages for non-graduates is beyond our
scope. However, it seems to be intuitive to expect that lower educational attainment
and family-related choices might drive the relationship between parental graduation
and wages for non-graduate women, too. Either way, this is a stark finding that indi-
cates women face a larger penalty for their low SES background than men in early
career labor market outcomes. Of course, these labor market returns are measured
at age 25/26, which is arguably a very early career point. In fact, we even find that
the average (conditional) returns to graduation in terms of log hourly wage is close
to zero for both genders at this young age. It is possible that within this high-abil-
ity group, having three more years of work experience vs. going to university have
similar returns on average; however, at older ages, this difference widens as seen in
Belfield et al. (2018).

As discussed before, our results are based on the assumption that we observe all
relevant information that affects parental education, university graduation, and labor
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market outcomes and it is possible that this is not the case. Despite these challenges,
we believe that controlling for a rich set of control variables, in particular, for early
educational attainment, corrects for the ability bias which would most likely be the
main source of unobserved heterogeneity driving labor market success (Britton et al.
2016). However, we cannot rule out the possibility of remaining sources of biases
and thus do not claim that our results are causal estimates. Further research in this
area should proceed towards developing credible identification strategies to examine
the labor market consequences of educational mobility on men and women, espe-
cially as they progress in their careers.

Appendix A: Robustness checks

Al: Comparing returns to graduation in Next Steps to those in Belfield et al. (2018).

Next Steps contains self-reported information on wages. This subsection com-
pares estimates of returns to graduation in Next Steps to a recent study, Belfield
et al. (2018), that used administrative data on wage, the Longitudinal Education
Outcomes (LEO).

We follow the empirical strategy of Belfield et al. (2018) as closely as possible.
We aim at producing similar results as published in the second column of Table 8
(page 38 in Belfield et al. 2018), in the fashion of Table 7 (page 36 in Belfield et al.
2018): we restrict the sample to those having at least five A*-C GCSE examinations,
use log annual wage as the outcome variable, university graduation as the treatment
variable, and sequentially add the same controls variables to the wage model as
reported in Table 7 in Belfield et al. (2018).

Note that there are some inherent differences between Next Steps and LEO that
do not enable us to proceed the exact same way. The key difference is that while
LEO captures wages up until age 29, Next Steps measures wages at age 25/26. A
further difference is that Belfield et al. (2018) looks at those in sustained employ-
ment only, i.e. those who have worked five out of the last 6 months of the tax year,
while we look at everybody in employment. While we expect to have similar results
to those of Belfield et al. (2018) in terms of estimating higher returns to graduation
for women than for men, the magnitude of both estimates is expected to be lower
at age 25/26 than at age 29. While Belfield et al. (2018) does not publish returns to
graduation at age 25/26, in Figure 2 (page 16), they plot the raw wages of graduates
relative to those with at least five A*-C GCSE’s, by age and gender. According to
this graph, the raw wage difference seems to be 22-28% among women and 2-9%
among men at ages 25-26 between graduates and the five A*-C GCSE group. Taken
all those differences into account, we find similar patterns in returns to graduation in
Next Steps as Belfield et al. (2018) (Table A1).

A2: The FiF gap in labor market outcomes: main results without excluding the
outlier values of annul wage, hours worked, and hourly wage.

This subsection re-estimates the FiF gap in labor market outcomes, i.e., the main
results of model 4 in Table 3, without excluding the outlier values of annul wage,
hours worked. and hourly wage. Table A2 shows that the results are very similar to
those in Table 3.
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A3: The FiF gap in labor market outcomes: handling the missing values of the
control variables with mean imputation.

This subsection re-estimates the FiF gap in labor market outcomes, i.e. the main
results of model 4 as in Table 3, handling the missing values of the control variables
with mean imputation as well as a binary variable indicating which observations
were imputed. Furthermore, we use the continuous age 11 and age 16 test score var-
iables instead of their quintiles that we use in our main models. As Table A3 shows,
the results are very similar to those in Table 3.

A4: The FiF gap in labor market outcomes: Entropy balancing and propensity
score matching.

This subsection applies two quasi-experimental evaluation methods as robustness
checks: entropy balancing and propensity score matching. Both methods rely on
the unconfoundedness assumption, i.e. that we observe all variables that affect both
parental graduation and labor market outcomes, and, conditional on these character-
istics, assignment to having non-graduated parents is as good and random (Angrist
and Pischke 2008). The unconfoundedness assumption also implies that there
should be no such unobserved characteristics that affect both parental education and
the labor market outcomes of individuals. Entropy balancing (Hainmuller 2012) is a
reweighting procedure to achieve covariate balance with binary treatments based on
the first, second or higher-order moments of the covariates (Harvey et al. 2017). As
entropy balancing does not differentiate between observation within or outside of a
common support, we also apply propensity score matching as a robustness check.
We estimate the propensity scores in probit models that predict the probability of
being FiF for men and women separately, using the same control variables as in
model 4. Then, we apply Gaussian kernel-weighted matching on the estimated pro-
pensity scores using psmatch in Stata and construct 95% confidence intervals around
the estimated effect via bootstrapping (n=200). These results (Table A4) confirm
that the negative FiF hourly wage gap is robust among women; however, the positive
FiF wage gap among men is not.

AS: The FiF gap in labor market outcomes: assigning all 0/1 values to missing
FiF.

In our main models, we drop observations with no information about parental
education. The number of missing values of FiF among graduates is eight among
men and 10 among women in the total sample of graduates and six and nine, respec-
tively, among those reporting hourly wage. This subsection provides a robustness
check showing that not dropping these observations lead our results. In particular,
we re-estimate our main results allocating either O or 1 to all individuals with miss-
ing FiF and show in Table A5 that our results stay similar in both cases.

A6: The FiF gap in labor market outcomes: controlling for selection into employ-
ment and reporting wage.

As mentioned before, 88% of graduates are employed and out of them about 76%
reported wages. Thus, individuals might be selected in terms of their probability of
employment and reporting wage data. This subsection aims at controlling for these
two additional sources of selection by estimating a selection model (Heckman 1979)
to predict the probability of employment and reporting wage, and using the pre-
dicted individual-level inverse Mills-ratio as a further control variable (Table A6).
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While we cannot exploit an instrumental variable in this selection model and we
have to rely on the same control variables that we used before, we believe that the
fact that these models are estimated on the full sample (as opposed to the subsam-
ple of those who were employed and reported wage, that we used before), we still
exploit additional information. These results again confirm that the negative FiF
wage gap in hourly wages is robust among women; however, the positive FiF wage
gap among men is not.
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