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Abstract

Recent studies have estimated a high degree of heterogeneity in payoffs to different
university fields of study, marking the a shift of education literature towards them. I
contribute to this literature by studying the labor market mechanisms through which
the payoffs to university fields of study are so heterogenous, whether this heterogeneity
persists over cohorts and by exploring the reasons why these differences persist. To do
so, I match 20 cohorts of individual level administrative data from high schools and
universities to social security records that allow me to follow them up to 25 years after
university graduation. I exploit multiple institutional features to design instrumental
variable strategies to estimate causal returns to field enrollment. I find large differences
in long-run returns to choice of field with ”Economics & Business” delivering around
100% higher returns with respect to ”Humanities” (the lowest paying field). Income
trajectories differ substantially across fields and returns are heterogenous by gender and
family background. A higher probability to reach the top 1% of the income distribution
for high-payoff fields, a substantially higher probability of having a discontinuous career
plus higher mismatch rates for the low-payoff fields are the most relevant determinants
of differences in payoffs across fields. Contrary to what theory would predict, I do not
observe a decrease in enrollment in low-payoff fields over time and differences in payoffs
tend to diverge. Volatility-adjusted returns and risk considerations do not justify the
persistent choice of fields, leaving a lack of information and an increasing importance
on non-monetary payoffs in the choice as most plausible candidates for the observed
persistence.
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1 Introduction

While the college premium has been rising in the past decades1, a growing number of recent

studies have shown a high degree of heterogeneity in payoffs to different college fields of

study in several countries (Hastings et al., 2014; Altonji et al., 2016; Kirkebøen et al.,

2016). The returns to choosing the most rewarding fields is estimated to be comparable

in magnitude to the college wage premium (Altonji et al., 2012; Kirkebøen et al., 2016).

This evidence, together with the growing share and relevance of university graduates in

the labor market, justifies a shift of the academic focus towards the returns of the choice

of university field as one of the main determinants of labor market outcomes.

With this work, I contribute to this literature by studying the mechanisms through

which the payoffs to university fields of study are so heterogenous, whether this hetero-

geneity persists over cohorts and explore the reasons why these differences persist. To do

so, I match, at the individual level, Italian administrative data from high schools and uni-

versities to social security records that allow me to track every single labor market episode

of university graduates up to 25 years after university graduation.

Estimating causal estimates of returns to choice field is very challenging because of

multiple dimensions of selection on both ability and comparative advantages. For instance,

while for returns to schooling ability is clearly correlated with higher schooling and higher

outcomes, in the context of the choice of field of study, selection into field based on ability

is not correlated with the payoffs of fields (e.g. students enrolling in humanities, the

lowest-payoff field in my data are among the best in terms of high school performance).

1See Bound & Johnson (1992); Katz & Murphy (1992); Juhn, Murphy & Pierce (1993); Goldin & Katz
(2007); Autor, Katz & Kearney (2008)
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In the literature, causal identification has generally been sought by exploiting strategies to

control for selection of observables ( Hamermesh and Donald, 2008; Del Rossi and Hersch

,2008; Chavalier, 2011; Webber, 2014) or by designing discrete choice models (Arcidiacono,

2004; Beffy, Fougere and Maurel, 2012; Kinsler and Pavan, 2014; Altonji et al., 2016).

More recently, Hastings et al. (2014) and Kirkebøen et al. (2016) exploited admission

score cutoffs in countries where there exists a centralized admission procedure to estimate

returns to field in a fuzzy regression discontinuity framework.

To get causal estimates of the returns to field, in my paper I first control for selection

on relevant observable characteristics (i.e. high school performance, parental background,

school and teacher fixed effects). The Italian institutional setting, as it is for the majority

of countries, does not have a centralized college admission procedure that allows me to

exploit a Fuzzy Regression Discontinuity approach such as in Chile (Hastings et al., 2014)

or Norway (Kirkebøen et al., 2016). Nonetheless, I can exploit other institutional features

(the field-of-study recommendation announced by the instructors at the end of high school

to the student) and the richness of my high school data (the persistence of certain choices

across cohort and within same group of instructors) in multiple IV strategies to estimate

causal returns to choice of field.

The most relevant and original contributions of this paper to the literature leverage the

richness of the social security data available for my analysis. The possibility of following

20 cohorts and the large number of years of labor market outcomes that I can track, allow

me to study several research questions that have remained so far unexplored. Which are

the labor market outcomes/events that explain these stark differences in returns across

graduates of different fields? Do career trajectories of different fields have heterogenous

patterns? Are lower returns to some fields driven by an excess supply of graduates from

those fields who end up working in occupations that do not require a college degree or in
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industries that do not require the skills acquired in college?

In a second section of the paper, I explore whether the large differences in payoffs

across fields persist over cohorts and I try to identify possible dimensions of the choice

of major that might be relevant for justifying such persistence. Are differences in returns

across fields decreasing over cohorts? If returns to certain fields are particularly low due

to an excess supply of graduates, later cohorts might take this into account when making

their field choice. This should reduce differences in payoffs across fields. If differences

across fields persist, people might still be choosing fields optimally. Non-monetary returns

could thus be driving it or there might be a trade-off between expected returns and their

volatility. I thus explore in the data whether enrollment responds over time to differential

payoffs and the extent of the high returns-high volatility trade off to understand whether

these factors can justify the differences in the choice.

My analysis show large differences in long-run returns to choice of field with ”Eco-

nomics & Business” delivering around 100% higher returns with respect to ”Humanities”

(the lowest paying field). Income trajectories also differ substantially across fields with

Engineering starting among the highest paying right after college, but having a way flatter

trajectory than fields such as law or medicine, which start lower and surpass engineering

after about ten years from graduation. While ”Economics & Business” remain the highest

trajectory , humanities is the lowest in every year after graduation. Among labor market

determinants of the differential payoffs to field, the most relevant are a higher probability

to reach the top 1% of the income distribution for high paying fields and a substantially

higher probability of having a discontinuous career (fixed term contracts and unemploy-

ment spells) for the low-paying fields. I also link sector/occupation cells of destination with

PIAAC survey data to estimate the degree of “over-education” for graduates of different

fields and find that a much larger fraction of employment spells of fields such as humanities
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(33%) , architecture and design (40%) are in sector/occupation cells that do not require a

university degree. I interpret this as a clear sign of excess supply of graduates from these

fields. I also explore differential returns to fields across gender and parental income. While

returns for women appear to be lower for all fields, engineering, economics and business

have much smaller penalties. Returns to field appear to depend also on family background

with returns to Law, Architecture and Design being substantially lower for graduates with

fathers having an income below median.

When I explore how returns vary over cohorts, I find that even though the Humanities

have the lowest payoffs already for the earliest cohorts, its enrollment in later cohorts

increased substantially, and its payoffs kept dropping over cohorts. Instead of converging,

payoffs appear to diverge over time. This clearly excludes the possibility of an efficiency-

improving adjustment in the choice of field over time and can only be explained by a lack

of information on returns to field and by a possible increase over time of non-monetary

returns of humanities. When I check for the possibility that the persistence in choice of

major is driven by a high returns-high volatility trade-off, I do not find strong empirical

evidence to support this hypothesis. It is true that some of the high-payoff fields have higher

volatility (i.e. Law, Business & Economics), while low-payoff fields have low volatility (i.e.

Humanities), however confidence intervals around payoff trajectories, calculated taking

sample volatility into account, never overlap. Differentials across fields of risk-adjusted

returns are more compressed, although differences remain across fields. This evidence

appears to justify only a limited role of the high risk-high return trade-off in the optimal

choice of field. Other risk-related considerations in the choice of field might be driven by

relative insulation from the business cycle. I have explored this hypothesis and I found

that graduates of high paying fields do not suffer long-run penalization for entering the

labor market in a year of economic recession, contrary to graduates of social sciences (a
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low-payoff field) who appear to be the most penalized by graduating during an economic

downturn.

While these findings are specific to the institutional and empirical context under study,

they contribute to the literature by offering a first detailed analysis of the labor market

mechanisms driving the strong heterogeneity in the payoffs to different university fields.

Moreover, given that most recent causal evidence on returns to field has been drawn by

specific countries and institutional contexts (e.g. Chile and Norway), I contribute by

offering evidence on returns to field choice for a rather different country. The evidence

presented in this paper has important insights also for policy. The clear presence of an

excess supply of graduates of the lowest-payoff fields and an increase over time of enrollment

in those same fields, that can not be explained by an increase in non-monetary payoff

or risk-related considerations, suggests the presence of large inefficiencies in the choice

of fields of Italian students. Lack of public information on the payoffs and labor market

prospects of each field is the first candidate to explain such inefficient choice process. Absent

information on payoffs by field, in an institutional setting in which university tuitions are

highly subsidized, students might choose fields based solely on individual preferences for

specific disciplines. Given that the Italian university system is almost exclusively state-

run, it should be fairly inexpensive to aggregate information on payoffs and labor market

prospects by fields and provide it to students and families at enrollment at university.

2 Empirical and Institutional Framework

For this paper, I use administrative data collected in the city of Milan (a large service-

oriented metropolitan area in the wealthiest part of Italy), for about 30000 individuals

graduating from college-preparatory high schools (“licei”) between 1985 and 2005. Indi-

vidual records were digitized in the archives of these schools from official hard-copy reg-
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istries compiled for the high school exit exam.2 These registries have a public nature and

are safely kept by each school as the only formal record of high school graduation and of

the final graduation score. From this registries, it is possible to retrieve final graduation

score, class composition, assignment to a specific team of instructors, basic demographic

characteristics and, importantly for this work, the field of study that is formally suggested

by the group of instructors at the end of high school. Based on the address where stu-

dents used to live at time of school, I geo-coded the position of the parental house and

matched administrative data on house value by block. I exploit this measure as a control

for parental wealth. After digitization of high school records, data have been merged with

records from the five universities of Milan. Given the wide offer of university degrees in

Milan and the high quality and reputation of its higher education, the large majority of

high school graduates from Milan attend university in one of these five universities. Uni-

versity records contain individual information on the degree enrolled, completion, change

of degree, time to graduation and final GPA. Finally, I linked the academic records to

individual social security records from several data sources (data were made available and

matched by the national social security institute, INPS). The main sources are the registry

of all employment records from 1980 to 2016, the registry of self-employment records, pro-

fessional occupation records from the regulated professional bars (e.g. lawyers, engineers,

architects, business consultants, physicians, etc.) and welfare assistance records (e.g. un-

employment, sickness, maternity leaves, etc.). All together, the different sources provide a

complete overview of all possible post graduation records and events. These data contain

an extremely rich set of labor market information. Thanks to the civil statistic office of

the city of Milan, I have also identified parents of the students in my analytical sample and

thus linked parental social security records.

2The final high school exit exam is centralized and run by the Ministry of Education and plays a very
formal role in the education career of individuals.
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2.1 The Italian Higher Education System

The Italian higher education context is prevalently State-run and characterized by some

peculiarities with respect to other countries. In 2016 only 26.2% of Italians between 30 and

34 had a university degree, the lowest share in the EU (with the UE average being 39.2 %).

Although the supply of university graduates remains low, their labor market prospects are

on average rather disappointing. The unemployment rate of university graduates between

25 and 39 is 17.1% (only slightly lower than the 21.1% rate for Italian high school grad-

uates). For those employed, the college premium is on average lower than in the United

States. Colonna (2007) estimates an average college wage premium in Italy of 24% vs 55%

for the US. However, Colonna (2007) finds a substantially lower degree of selectivity into

university (based on ability) in Italy than in the US and show that after accounting for

ability, college premium in Italy is substantially higher than in the US.

In the Italian context, the choice of university field of study takes place towards the

end of the last year of high school when students enroll in a specific degree of a chosen

university. This is different from the US context, but very similar to what happens in all

European countries. In the period under analysis universities offered 4-year degrees and

virtually no field of study had a selective admission test, except Medicine. In one of the 5

universities (private and the smallest in Milan), also Economics and Business degrees had

a selective admission test. However, the overall admission by degree across universities was

virtually unconstrained in Milan in the period under analysis.

When interpreting the results of my analysis, we need to consider that Milan higher

education and labor market offers potentially higher quality education and better prospects

for university graduates. Moreover, differently from the rest of the country two out of the

five universities in Milan are private, selective schools. As a consequence, the results of this

analysis might be representative for a rather high portion of the Italian student distribution.
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3 Identification strategy

Estimating causal estimates of returns to choice field is very challenging because of multiple

dimensions of selection on ability, comparative advantages and parental background. While

in the context of returns to schooling, ability is positively correlated with higher schooling

and better outcomes, in the context of the choice of field of study, selection into field

based on ability is not clearly positively correlated with the payoffs of fields (e.g. students

enrolling in humanities, the lowest-payoff field in my data are among the most positively

selected in terms of high school performance). In the literature, causal identification has

generally been sought by exploiting strategies to control for selection of observables (

Hamermesh and Donald, 2008; Del Rossi and Hersch ,2008; Chavalier, 2011; Webber,

2014) or by designing discrete choice models (Arcidiacono, 2004; Beffy, Fougere and Maurel,

2012; Kinsler and Pavan, 2014; Altonji et al., 2016). More recently, Hastings et al. (2014)

and Kirkebøen et al. (2016) exploited admission score cutoffs in countries where there

exists a centralized admission procedure to estimate returns to field in a fuzzy regression

discontinuity framework. The Italian institutional setting, as it is for the majority of

countries, does not have a centralized college admission procedure that allows me to exploit

a Fuzzy Regression Discontinuity approach such as in Chile (Hastings et al., 2014) or

Norway (Kirkebøen et al., 2016). Nonetheless, I can exploit other institutional features

(the field-of-study recommendation announced by the instructors at the end of high school

to the student) and the richness of my high school data (the persistence of certain choices

across cohort and within same group of instructors) in multiple IV strategies to estimate

causal returns to choice of field.

My baseline model take advantage of the richness of my pre-university data to control

for as much selection into field as possible. A large set of school and teacher fixed effects

allows me to identify returns to field within school, cohort and teachers and at the same
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time controlling for high school performance, family background, high school class and

peer characteristics. To exploit all the information available for the labor market, I pool

all individual observations and define yitcsg as the labor market outcome (e.g. income,

unemployment, type of contract, etc.) observed t years after expected graduation for

individual i who completed high school with graduating cohort c, attended school s with

group of instructors g. Given that I observe multiple social security records per year, I

had to collapse the relevant information at the yearly level. For instance, I have summed

yearly income from different working spells and I have chosen employment status in a

given year to be the status that had the longest duration during the year (e.g. if the

individual spent 6 months and 1 day in unemployment I define her to be unemployed for

that yearly observation). In order to include the multiple observations for each individual

in my sample, I cluster standard errors at the individual level. Since time to graduation

is per se an outcome of the choice of field, I prefer to measure years on the labor market

starting from a theoretical year of university of graduation, defined as the 5th year after

high school graduation (and university enrollment). While in the period under analysis,

university students attended 4-year degrees, I leave an extra year for late graduates and

define the 6th year after university enrollment as the first year of labor market experience.

The full model is specified as follows:

yitcsg = α+ πfi + βXi + γZ−i + φsc + ψg + εitcsg (1)

where πfi is a set of dummies for field of study choice (9 fields or 4 broad fields in some

specifications). Humanities is the omitted field category. I define the choice of field of

study as the one taken at the very first university enrollment (i.e. the year of high school

graduation). While I can effectively control for selection into and instrument the first

choice of field, field of graduation might already be the result of a process endogenous with
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respect to the initial choice. Xi is a set of individual characteristics such as gender, high

school exit score, parents’ wealth and a dummy for whether the student was commuting

daily from outside Milan. Z−i is a set of average class peer characteristics such as gender

share, share of low SES classmates, share of high SES classmates. In the Italian secondary

school context, students are assigned to a class (i.e. a group of classmates), which remain

fixed for 5 years, attend the same courses and shares the same exact instructors.3 As shown

in Anelli and Peri (2017) using the same high school data, high school peers play a relevant

role in influencing the choice of field substantially. Controlling for peer characteristics is

thus crucial in this context as well. The baseline model include also a set of fixed effects

that allow to identify returns to choice of field using variation from a very restricted set

of homogenous individuals. φsc is a set of school/cohort fixed effects while ψg is a set of

instructor team fixed effects. In the Italian high school context each class is assigned to

a specific team of instructors who is collectively responsible for class performance. These

teams are persistent across cohorts and it is thus possible to control for fixed effects. Overall

the identifying variation is thus coming within school across cohorts, holding constant

the effect of instructor teams and controlling for individual and classroom characteristics.

Finally, standard errors clustered at the individual level.

A consequence of pooling all observations available together is that the earliest cohort

(i.e. those graduating from high school in 1985) can be followed on the labor market for up

to 26 years after expected graduation, while the latest cohort for 11 post-education labor

market years. Hence, I observe the first 11 years of labor market outcomes post-graduation

for all individuals in my dataset, while I loose one year of labor market outcomes after the

11th for each cohort after the earliest. In Figure 1 I present a simple timeline diagram of

cohorts and number of observations on the labor market per individual. As a consequence,

3There are no elective courses in the Italian secondary school
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the pool dataset will tend to mechanically overweight the earlier labor market outcomes

after graduation. To avoid this issue, I weight my regressions by the inverse of the total

number of observations per labor market year after graduation (i.e. I weight labor market

observations past the 11th post-graduation labor market years relatively more).4

3.1 IV strategy - Teacher field suggestion

To reinforce the identification of returns to choice of field, I exploit a unique feature of

the Italian institutional context. At the end of high school the team of teachers who is

responsible for each class formally suggest students a specific university degree to continue

their studies. This formal suggestion is recorded in the registry of the high school exit

exam (“Maturitá). In Figure 2 I report an example of what the suggestion looks like in

the registries digitized for this paper. The example in Figure 2 reports the following: “We

suggest the student to continue her/his studies with an Economics and Business Degree”

This registry entry is complete and digitized for all cohorts graduating until the year 1999,

which was the last year in which this formal suggestion was recorded in the high school

exit exam registries. It is likely that the suggestion was communicated to students also in

following years, however I do not observe it.

In a first simple instrumental variable strategy, I define F + 15 dummies Sfi = 1 if the

student was suggested to enroll in field f and 0 otherwise and then use the F dummies Sfi

in model 1 as instrumental variable for the F dummies πfi of field choice. This strategy

has the advantage of exploiting a shifter of field choice which is in theory exogenous to the

choice of student. However, teachers are likely to suggest students to enroll in a field if

4I could alternatively
5Although the analysis is conditional on enrolling in university and almost all students in the high school

sample enroll, a sizeable number of students received the formal suggestion to “not continue with university
studies”. I thus use these students as reference category for the set of suggestion dummies. The model is
thus overidentified with F endogenous variables and F + 1 instrumental variables

12



they observe them having a comparative advantage in that same field. This suggests that

the local average treatment effect of this instrumental variable strategy might be capturing

the returns to choice of field for those students who learn from their instructors about their

own comparative advantage and choose a field following it. While the choice of field of the

compliers of this instrumental variable will be potentially exogenous, we need to keep in

mind that they are likely to perform better in all fields since they enroll in fields for which

they have a comparative advantage.

A second alternative instrumental variable consists in estimating teacher teams’ sug-

gestion fixed effects leaving student i out and using the suggestions given by each team to

student i’s classmates and students in the 4 cohorts adjacent to student i’s cohort (two ear-

lier and two later cohorts) with same background characteristics as student i. In practice,

Estimate probability of field f suggestion by teacher group g to students other than you and

to students of the 2 cohorts ahead and behind you with similar background characteristics.

In practice, I estimate the model Sfj 6=i,c±2,s,g = α + βXi + ψg + εjcsg separately for each i

and f and predict Ŝfi = α̂ + β̂Xi + ψ̂g. Finally, I use Ŝfi to instrument πfi . This strategy

ideally exploits the fact that certain instructor teams have consistent preferences towards

suggesting certain field across cohorts and similar students. Being assigned in the first year

of high school to a teacher team that is consistently more likely to suggest enrollment in

a law degree to top-performance male students exogenously increase a student probability

to choose a law degree 5 years later. This strategy requires students assignment to teacher

teams at the beginning of high school to be exogenous with respect to teacher preferences.

While institutional rules for the high schools in the period under analysis prescribed school

principals to randomize student assignment to classes in the very first year of high school

(at around age 13), I do not have explicit tracking of the randomization mechanisms nor

their details. Anelli and Peri (2017) present a series of checks for randomness that show
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no systematic correlation of individual observable characteristics to classrooms using the

same exact data. Moreover, it is highly unlikely that students were assigned to classrooms

and hence to teacher teams based on their future preferences for specific fields of study

at university. I am thus confident that first-year-of-high-school assignment to classrooms

and teacher teams is exogenous to teacher preferences for specific fields. While this is my

ideal identification strategy, it is also the most demanding. When estimating returns to

nine separate fields of study, the first stage is too weak. However, I obtain enough first

stage power to estimate returns to four broader fields of study (Humanities, Stem, Natural

Sciences, Economics & Business + Law). For certain outcomes I show estimates also from

this more demanding specification.

A slightly different instrumental variable strategy that however provides enough first

stage power to estimate returns to the nine fields of study, consists in estimating a field

choice fixed effects, excluding one’s own choice, within instructor team and use it to in-

strument one’s choice. In this case, I estimate the model πfj 6=i,c±2,s,g = α+βXi+ψg + εjcsg

separately for each i and f and predict π̂fi = α̂+ β̂Xi + ψ̂g. Finally, I use π̂fi to instrument

πfi . Intuitively, this instrument captures the fact that within teacher team g students,

other than oneself, are persistently more likely to go to a specific field (potentially because

of the persistence in field suggestion of the team). The assumptions for this instrumental

variable strategy to be valid remain the same as for Ŝfi .

Finally, in some specifications I take advantage of the teacher field suggestion variable

in an alternative way. If the suggestion is truly capturing comparative advantages for

certain fields that are otherwise unobserved to us, it can be included in the regression as a

separate control. Estimates obtained including teacher suggestion as control should thus

reflect returns to choice of field net of individual comparative advantages.
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4 Main Results

In this section I first present estimates for the long-run payoffs to choice of field and then

explore the labor market determinants that explain payoff differentials across fields.

Table 1 presents the main estimates for long-run payoffs to choice of field for the first

26 years after university graduation. Income has been adjusted for inflation using an offi-

cial deflation index and should be interpreted in 2016 euros and included in the left hand

side of the regression in logarithms. The estimates in this table and all following ones

can thus be interpreted as percent premium with respect to the average income of the

baseline field of study, Humanities. Column 1 reports estimates from my baseline model 1

with school/cohort fixed effects and teacher team fixed effects, controlling for a large set

of individual and high school class peers’ pre-university characteristics. All fields yield sig-

nificantly higher payoffs than Humanities with premia ranging between 21% (Architecture

& Design) and 82% (Economics & Business). All other fields yield premia similar to these

two thus identifying two wider groups of field in terms of payoffs. Law (71%), Medicine

(62%) and Engineering (61%) yield payoffs slightly lower then Economics & Business, while

Natural Sciences (29%), Social Sciences (31%), Math & Physics (36%) yield payoffs closer

to Architecture & Design. I will refer to the former group of fields as the “high-payoff”

fields, and to the latter group as the “low-payoff” fields, although their returns are higher

than Humanities, which is clearly the lowest-payoff field. In columns 2 to 6 of Table 1 I

present estimates for the same premia obtained with different specifications and the in-

strumental variable strategies described in 3. In column 2 I add to the specification of

column 1 teachers’ field suggestions to obtain returns to choice of field that should be net

of comparative advantages of students choosing them. In column 3 I use teachers’ field

suggestion Sfi as instrument for the actual choice, while in column 4 I use the predicted

choice π̂fi as instrument. The IV estimates appear to be generally slightly higher than
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the baseline model, but the overall picture presented by the baseline model remains true.

Two exceptions are Math & Physics and Social Sciences, with the former one yielding sub-

stantially higher premia (70-80%) and the latter yielding smaller and no more significant

premia in column 4 and 5. It is thus possible that although the baseline model seem to

do quite well in capturing selection on observables, for these two fields in particular there

seem to be stronger unobserved dimensions of selection. For all the IV estimates in columns

3-5 the first stage Cragg-Donald F statistic is high (ranging from 148 to 811) confirming

a strong enough first stage power for valid IV estimation. Finally, in column 6 I present

results for my most demanding identification strategy using the instrument Ŝfi , presented

in section 3, however the first stage for this instrument is extremely low (F is 3.8) when

instrumenting the nine different fields. For this reason, in Table 2 I replicate my baseline

and the IV models, by focusing only on 4 aggregated categories of study fields to obtain

enough first-stage power for the most demanding IV specification. Column 6 in Table 2

has indeed a first stage F statistic of 95 which allows for a valid IV estimate also using Ŝfi

as instrument. When comparing estimates of column 6 to the baseline model estimates,

Ŝfi appears to deliver slightly higher returns for STEM fields and Natural Sciences with

respect to column 1 and very similar returns for Economics & Business + Law broad cat-

egory. With respect to the instrument π̂fi , Ŝfi seem to deliver similar, but slightly higher

returns. I interpret this as evidence that estimates obtained with π̂fi (the one instrument

that allows identification for the nine fields) should be the more conservative. In presenting

the remaining results I will thus focus on the IV estimates obtained using the instrument

π̂fi . Figure 3 provides a visual representation of the four main payoff estimates from Table

1 to allow for a more direct comparison across fields. In the rest of the paper, I present

similar complement figures for most analysis.

Since estimates on income returns are estimated using the logarithm of income as
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dependent variable, they are by definition conditional to observing positive income. On

average long-run employment rate for the Milan university graduates in my sample is very

high (above 90% for this sample). However, in the first years right after graduation the

there might still be substantial differences across fields in the time it takes to find a stable

job. The possibility of tracking the labor market status of graduates over time, allows me to

estimate whether graduates of different fields have differentials probabilities of having zero

income yearly spells between university graduation and the 26th year on the labor market.

Figure 4 and Table 3 show differences in the probability of observing non-zero income spells

in the first 26 years in the labor market. With respect to students choosing Humanities

(who have on average 64% non-zero income spells in the first 25 years after graduation),

high-payoff fields (Law, Medicine, Engineering, Economics and Business) have between 8

and 25 percentage points higher probability to have non-zero income spells, with Medicine

delivering the highest probability of having non-zero income spells (with an average total of

90% of all spells in the first 25 years). Other fields do not guarantee a significantly higher

probability of employment. Since the low-payoff fields of Figure 3 and Table 1 are also

those with a higher probability of having zero-income spells, payoff estimates that included

zero income spells would certainly amplify the income differentials across fields.

The nice feature of the social security data available for this analysis is the possibility

of following labor market outcomes for many years after university graduation. This allows

me to study career trajectories by field. To do so I estimate my baseline specification 1

income returns to field choice separately for every post-graduation labor market year (e.g.

in the 10th year on labor market).

∀tLog(yt=1,...,15
icsg ) = α+ πfi + βXi + γZ−i + φsc + ψg + εicsg (2)

Since conditioning on single labor market year reduces the sample substantially, in order
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to avoid that idiosyncratic yearly shocks to income of individuals choosing certain fields,

I use the logarithm of the three-year moving average of income as dependent variable.

Moreover, given that for years t > 15 I have only a limited number of cohorts available

by construction of the dataset, I focus only on the trajectories in the first 15 years after

university graduation. Figure 5 presents the trajectories obtained applying the premium

of each field (estimated with model 2) to the baseline income of humanities in every year

after university graduation. The figure reveals very interesting heterogeneities in the income

trajectories of different fields. We can identify three main patterns. Payoffs to Economics &

Business remain always above those of other fields, while payoffs to Humanities are always

the lowest. The trajectory of Math & Physics is somewhat in the middle between this

two extremes. An interesting fact emerging from Figure 5 is the very different trajectories

of some high-payoff fields. For instance, Engineering which does very well right after

university graduation (and is for this fact notoriously considered the highest payoff field)

have a quite flat trajectory over years on the labor market. To the contrary, Law and

Medicine start off substantially lower than Engineering and have initial payoffs similar to

Social Sciences have very steep trajectories (almost linear) in the first 15 years on the labor

market and cross the Engineering trajectory already around the 10th year after university

graduation. All the remaining fields have some degree of heterogeneity in the first years

after graduation, but seem to converge to the Math & Physics payoffs after the 10th year

of labor market. While the trajectories in Figure 5 are estimated using the baseline fixed

effect model 1, it can also be constructed using IV estimates. However, the smaller sample

size makes the first stage estimates for some years t weak and estimates are a bit less

reliable.
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4.1 Labor market determinants of the payoffs to the choice of fields

After estimating returns to choice of field, I take advantage of the richness of social security

records available, to explore which are the labor market events that can explain such large

differentials in payoffs to fields. In Figure 6 and Table 4, I study whether some fields grant

some kind of “lottery-ticket effect” by yielding higher probability to reach the top 1% of

the Italian income distribution already in the first 26 years on the labor market (the time

window I can observe). While only 1% of individuals choosing Humanities reach the top

1%, this probability is substantially higher for Economics & Business and Law (around

10 percentage points higher). For all other fields the probability is at most 2 percentage

points higher than Humanities, but often not significant. This evidence is consistent with

the exceptional performance of Law, Economics & Business especially in the long-run and

with the rather flat trajectory of Engineering that appears not to deliver a “lottery-ticket

effect”. Strictly linked to the probability of reaching the top 1% of the income distribution,

is the probability of becoming a top manager. Table 5and Figure 7 show that in this case

it is Medicine, Engineering and Economics & Business that guarantee substantially higher

probabilities of becoming top managers (lawyers typically have self-employment careers

and thus do not really cover top management jobs).

On the opposite side of the income distribution, individuals of certain fields might face

higher probabilities to face very negative labor market outcomes. Tables 6,7 and 8 and

Figures 8,9 and 10 explore the probabilities by field of observing labor market spells with

income below the poverty line6, unemployment spells and the probability of having a fixed-

term contract. Overall, this analysis depicts a rather negative situation for individuals

choosing low-payoff fields with Humanities yielding on average 15% of all spells in the

first 26 years of labor market experience with income below the poverty line and 41%

6I refer to the absolute poverty line calculated by ISTAT for urban areas of northern Italy
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of all spells with fixed-term contracts. The probability of receiving an income below the

poverty line is virtually driven down to zero for all high-paying fields and the probability

of having a fixed-term contract goes down a lot for Engineering and Medicine, but not as

much for Economics & Business. Table 8 focuses instead on the probability of receiving

unemployment benefits, however this outcome should be interpreted with caution, because

eligibility for unemployment benefits is conditional to having a permanent contract. Since

a large part of the careers in low-payoff fields are in fixed-term contracts, their probability

of observing receiving unemployment benefits is rather low. Despite this, it is clear that

all high-payoff fields deliver a significantly lower probability of receiving unemployment

benefits. Overall, this focus on negative labor market outcomes characterizes low-payoff

field careers as penalized by highly discontinuous careers that drive down income (even

below the poverty line in certain cases). This evidence is also consistent with the very flat

career trajectories of these fields shown in Figure 5

4.2 Over Education as measure of excess supply of some fields

The strong evidence of negative labor market perspectives for low-payoff fields just pre-

sented can already be interpreted as a sign of excess supply of graduates of certain fields.

In this section, I construct a more robust measure of excess supply to confirm the presence

of inefficiencies in the market for university graduates. I take advantage of the OECD

PIAAC survey data for Italy and calculate for each “sector/occupation cell”, the percent-

age of respondents who answers that no college degree is required for her/his job. I then

matched each labor market spell in my data to these cells and classified as over-educated

those individuals who are in a “sector/occupation cell” that does not require a college de-

gree (e.g. all respondents in that cell answers that no college degree was required). Table

9 and Figure 11 presents the results of this analysis. I find that a much larger fraction
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of employment spells in the first 26 years on the labor market of low-payoff fields such

as humanities (33%) , architecture and design (40%) are in sector/occupation cells that

do not require a university degree. High-payoff fields such as Law, Medicine and Eco-

nomics & Business have substantially lower probability to be over-educated on the job.

Interestingly, also fields that are relatively higher payoff than Humanities such as Math &

Physics and Natural Sciences do have significantly lower probability (around 7-8 percent-

age points) than Humanities to be over-educated. I interpret this as a clear sign of excess

supply of graduates from Humanities, Architecture & Design. Moreover, the patterns of

this overeducation outcomes appear to strictly map into the payoffs differentials estimated

across fields. This reinforces the hypothesis of a mismatch between demand and supply of

university graduates from different fields.

4.3 Individual heterogeneity of payoffs to field choice

Finally, I explore possible heterogeneity in the payoffs to field choice along two individual

dimensions such as gender and parental background. For instance, I explore whether some

fields have higher penalties for women and whether high-payoff fields are as rewarding for

individuals with a low SES background or whether instead do not guarantee an equally

high probability to reach the top 1% for individuals with a low SES background. Figure

12 plots the value of an field-women interaction dummy. Results show that although all

fields seem to have an income penalty for women, Law and Medicine (and to a lesser extent

Engineering, Math & Physics) appear to penalize women substantially more. Figures 13

and 14 instead plot the estimates of a field-low-SES interaction (after linking social security

records for fathers, I split the parental sample in below- and above-median income groups).

Interestingly, children of low-income fathers appear to do substantially worse than their

high income background peers in the same field if they choose Architecture & Design or
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Law, while payoffs for all other fields seem to be pretty much independent from parental

background. This evidence is consistent with the one in Figure 14 showing a similar pattern

for the probability of reaching the top 1% of the income distribution. Architecture & Design

or Law again show strong intergenerational income persistence.

5 Do students learn from the differentials across fields?

If we believe that the large differentials across fields estimated are the results of suboptimal

individual choices and students were to have some information about these differentials,

we should expect them to adjust their choices consequently, reducing the excess of supply

in the low-paying fields. This would ultimately drive down differentials across fields. In

this second main section of the analysis I explore this hypothesis, by estimating my main

specification 1 separately for three different cohort windows (cohorts graduating from high

school between 1985 and 1989, 1990-94 and 1995-2000) and considering only the first 10

years on labor market for each cohort window.7 Table 10 shows that fields that were already

high-payoff in the earliest cohorts have even higher premia with respect to Humanities in

the latest cohorts. On the other hand, relatively low-paying fields that yielded significantly

more than Humanities in earlier cohorts (e.g. Social Sciences, Natural Sciences, Architec-

ture & Design) appear to have converged towards Humanities over time. Overall, Table 10

certificates a divergence between high- and low-payoff fields over this period. This appears

to exclude the possibility of an optimal adjustment of students’ choice of field over time.

To complement this evidence, Figure 15 plots the share of students in my sample enrolling

each field over time. Surprisingly, although payoffs to Humanities were already the lowest

for the earliest cohorts, the share of students enrolling in Humanities in my sample have

7Income has been adjusted for inflation using an official deflation index provided by the Italian Statistical
Office ISTAT and should be interpreted in 2016 euros.

22



doubled in the same period. This can explain the further drop in payoffs to Humanities.

Taken altogether, the evidence of Table 10 and 15 describe a situation that is reversed

with respect to the hypothesised learning story. Payoffs across fields diverge over time

and students seem not to respond to the excess supply of graduates from low-payoff fields.

This can only be explained by a lack of information on returns to field or by a possible

increase over time of non-monetary returns of low-paying fields. Since there is no evidence

of this latter hypothesis, and no change in non-monetary returns to Humanities can justify

a doubling of enrollment in this field, I interpret these results as compelling evidence of a

lack of information in the field choice process of students.

5.1 Volatility and Risk in Payoffs to Field Choice

One reason that could justify persistence in choice of field and in payoffs is risk and volatil-

ity. Risk averse students might be optimally trading off higher payoffs for lower volatility.

I explore this hypothesis by incorporating payoff volatility in my analysis. To do so,

I estimate sample payoff volatility after excluding volatility attributable to background

characteristics. In practice, I estimate the following model, including dummies θt for each

different year on labor market after university graduation, school and teacher group dum-

mies:

yitcsg = α+ βXi + γZ−i + φs + ψg + θt + εictsg (3)

I interpret the residuals ˆεictsg of this model as deviation from mean sample income

in each post-graduation year, adjusted for pre-university background characteristics. I

then calculate payoff volatility as the standard deviation σε of ˆεictsg within field and post-

graduation year t. In Figure 16 I plot the average of ˆεictsg by field and post-graduation

year together with a confidence interval computed using σε. Some of the high-payoff fields
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clearly have higher volatility (i.e. Law, Business & Economics), while low-payoff fields

have substantially lower volatility (i.e. Humanities). However, 95% confidence intervals

of high- and low-payoff fields around payoff trajectories, which should be interpreted as

deviations from sample mean income in labor market year t after university graduation,

never overlap. For instance, the lower confidence interval for Law, Economics & Business

in the long-run remains more e15,000 above the average sample income, while the upper

confidence interval of Humanities is more than e20,000 below average sample income.

An alternative way to incorporate risk considerations in the payoffs estimation is to

compute sharp-ratios, which I construct from the previous figure as the average deviation

from mean income by year t divided by its standard deviation, ¯̂εictsg/σε Figure 17 plots

volatility-adjusted payoffs ¯̂εictsg/σε by choice of field. Differentials of risk-adjusted payoffs

across fields appear more compressed (most of the difference between high-payoff fields

disappear), however large differences remain across low-payoff and high-payoff fields, with

Humanities still performing poorly, despite of the very low volatility. Overall, Figure 17

and 16 appear to justify only a limited role of risk in the optimal choice of field. Payoffs to

Economics & Business or Law indeed appear to be an optimal choice also for risk averse

individuals.

An alternative risk-related consideration in the choice of field might be driven by rel-

ative insulation from the business cycle. I have explored this hypothesis, by exploring

whether returns of individuals choosing low-payoff fields are penalized less by graduating

in a year of economic recession. Figure 18 shows a rather high degree of heterogeneity

in response to economic recession at time of graduation. Individuals choosing Humani-

ties appear to be indeed insulated from the risks of entering the labor market during an

economic downturn, however other low-payoff fields (such as Social Sciences, Architecture

and Design) do not appear to guarantee the same degree of insulation, with individuals
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from Social Sciences earning on average around e6000 less if they graduate during an

economic downturn. Among high-payoff fields, Engineering, Economics & Business only

have a small not significant penalization for entrance in the labor market , while payoffs of

Law and Medicine interestingly appear to be counter-cyclical (higher payoffs if graduation

happens during an economic downturn)

6 Conclusions

I exploit Italian administrative data from high schools and universities matched to social

security records and track every single labor market episode of university graduates up to

25 years after university graduation. I estimate long-run payoffs to choosing nine fields of

study, analyze the labor market determinants of the heterogeneity in payoffs across fields,

whether this heterogeneity persists over cohorts and explore the reasons why these differ-

ences persist. I find large differences in long-run returns to choice of field with Economics

& Business delivering almost 100% higher returns with respect to Humanities (the lowest

paying field). Income trajectories also differ substantially across fields with Engineering

starting among the highest paying right after college, but having a flatter trajectory than

fields such as law or medicine, which start lower and surpass engineering after about ten

years from graduation. While Economics & Business remain the highest trajectory , hu-

manities is the lowest in every year after graduation. The most relevant labor market

determinants of the differential payoffs to field are a higher probability to reach the top 1%

of the income distribution for high-paying fields and a substantially higher probability of

having a discontinuous career (fixed term contracts and unemployment spells) for the low-

paying fields. I also link sector/occupation cells of destination with OECD PIAAC survey

data to estimate the degree of “over-education” for graduates of different fields and find

that a much larger fraction of employment spells in the first 26 years on the labor market
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of fields such as humanities (33%) , architecture and design (40%) are in sector/occupation

cells that do not require a university degree. I interpret this as a clear sign of excess supply

of graduates from these fields. I also explore differential returns to fields across gender and

parental income. While returns for women appear to be lower for all fields, Social Sciences

and Engineering have smaller penalties. Returns to field appear to depend also on family

background with returns to Law, Architecture and Design being substantially lower for

graduates with fathers having an income below median. When I explore how returns vary

over cohorts, I find that even though the Humanities had the lowest payoffs already for

the earliest cohorts, its enrollment in later cohorts increased substantially, and its payoffs

kept dropping over cohorts. Instead of converging, payoffs diverged over time. This clearly

excludes the possibility of an efficiency-improving adjustment in the choice of field over

time and can only be explained by a lack of information on returns to field or by a possible

increase over time of non-monetary returns of humanities. When I check for the possibility

that the persistence in choice of major is driven by a high returns-high volatility tradeoff, I

do not find strong empirical evidence to support this hypothesis. It is true that some of the

high-payoff fields have higher volatility (i.e. Law, Business & Economics), while low-payoff

fields have low volatility (i.e. Humanities), however confidence intervals around payoff tra-

jectories, calculated taking sample volatility into account, never overlap. Field differentials

of risk-adjusted returns are more compressed (most of the difference between high payoff

fields disappear), however differences remain across low-payoff and high-payoff fields. This

evidence appears to justify only a limited role of the high risk-high return trade-off in the

optimal choice of field. Other risk-related considerations in the choice of field might be

driven by relative insulation from the business cycle. I have explored this hypothesis and I

found that graduates of high paying fields do not suffer long-run penalization for entering

the labor market in a year of economic recession, contrary to graduates of social sciences (a
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low-payoff field) who appear to be the most penalized by graduating during an economic

downturn.

While these findings are specific to the institutional and empirical context under study,

they contribute to the literature by offering a first detailed analysis of the labor market

mechanisms driving the strong heterogeneity in the payoffs to different university fields and

by exploring whether and why field differentials persist over time. Moreover, given that

most recent causal evidence on returns to field has been drawn by specific countries and

institutional contexts (e.g. Chile and Norway), I contribute by offering evidence on returns

to field choice for a large European country with a university admission system that is more

representative for continental Europe. The evidence presented in this paper has important

insights also for policy. The clear presence of an excess supply of graduates of the lowest-

payoff fields and an increase over time of enrollment in those same fields, that can not be

explained by an increase in non-monetary payoff or risk-related considerations, suggests

the presence of potentially large inefficiencies in the choice of fields of Italian students.

Lack of public information on the payoffs and labor market prospects of each field is the

first candidate to explain such inefficient choice process. Absent information on payoffs

by field, in an institutional setting in which university tuition fees are highly subsidized,

students might choose fields based solely on individual preferences for specific disciplines.

Given that the Italian university system is by a large majority State-run, it should be

fairly inexpensive to aggregate information on payoffs and labor market prospects by fields

and provide it to students, families and high school teachers at the time of enrollment at

university.
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Figure 1: Data Timeline

h!

Figure 2: Example of suggestion from digitized hard copy registry
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Figure 3: Payoffs to choice of field 1-26 years on labor mkt - Log of income

Note: Estimate 1 controls for individual and peer characteristics, school/cohort and
teacher group fixed effects, Estimate 2 like 1 but controlling for teacher suggestion, 3 IV1
- Own suggestion Sfi as instrument for own choice πfi , 4 IV2 Own choice instrumented

with π̂fi controlling for teacher suggestion Sfi
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Figure 4: Probability of observing non-zero income 1-26 years after university graduation

Note: Estimate 1 controls for individual and peer characteristics, school/cohort and
teacher group fixed effects, Estimate 2 like 1 but controlling for teacher suggestion, 3 IV1
- Own suggestion Sfi as instrument for own choice πfi , 4 IV2 Own choice instrumented

with π̂fi controlling for teacher suggestion Sfi
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Figure 5: Income trajectories by field of study 0-15 years on labor market (OLS)
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Figure 6: Lottery ticket effect - Probability of reaching top 1%

Note: Estimate 1 controls for individual and peer characteristics, school/cohort and
teacher group fixed effects, Estimate 2 like 1 but controlling for teacher suggestion, 3 IV1
- Own suggestion Sfi as instrument for own choice πfi , 4 IV2 Own choice instrumented

with π̂fi controlling for teacher suggestion Sfi
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Figure 7: Probability of becoming a top manager

Note: Estimate 1 controls for individual and peer characteristics, school/cohort and
teacher group fixed effects, Estimate 2 like 1 but controlling for teacher suggestion, 3 IV1
- Own suggestion Sfi as instrument for own choice πfi , 4 IV2 Own choice instrumented

with π̂fi controlling for teacher suggestion Sfi
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Figure 8: Probability of having income below the poverty line - 0-25 years on labor market

Note: Estimate 1 controls for individual and peer characteristics, school/cohort and
teacher group fixed effects, Estimate 2 like 1 but controlling for teacher suggestion, 3 IV1
- Own suggestion Sfi as instrument for own choice πfi , 4 IV2 Own choice instrumented

with π̂fi controlling for teacher suggestion Sfi
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Figure 9: Probability of having a fixed-term contract

Note: Estimate 1 controls for individual and peer characteristics, school/cohort and
teacher group fixed effects, Estimate 2 like 1 but controlling for teacher suggestion, 3 IV1
- Own suggestion Sfi as instrument for own choice πfi , 4 IV2 Own choice instrumented

with π̂fi controlling for teacher suggestion Sfi
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Figure 10: Probability of receiving unemployment benefits

Note: Estimate 1 controls for individual and peer characteristics, school/cohort and
teacher group fixed effects, Estimate 2 like 1 but controlling for teacher suggestion, 3 IV1
- Own suggestion Sfi as instrument for own choice πfi , 4 IV2 Own choice instrumented

with π̂fi controlling for teacher suggestion Sfi
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Figure 11: Probability of working in a sector/occupation cell that does not require a college
degree - 0-25 years on labor market

Note: Estimate 1 controls for individual and peer characteristics, school/cohort and
teacher group fixed effects, Estimate 2 like 1 but controlling for teacher suggestion, 3 IV1
- Own suggestion Sfi as instrument for own choice πfi , 4 IV2 Own choice instrumented

with π̂fi controlling for teacher suggestion Sfi
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Figure 12: Log of annual income - interaction of field choice x dummy female
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Figure 13: Log of annual income - interaction of field choice x dummy father has income
below median
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Figure 14: Probability of reaching top 1% - interaction of field choice x dummy father has
income below median
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Figure 15: University Enrollment time series by Field
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Figure 16: Payoff Volatility by Field and Experience
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Figure 17: Risk-adjusted Payoffs (Sharp-ratios) by Field and Experience
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Figure 18: Penalty for entering labor market in recession years
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Table 1: Payoffs on labor market 1-26 years after university graduation - Log of income

(1) (2) (3) (4) (5) (6)
IV IV IV IV

Own Predicted Predicted Predicted
Suggestion Choice Choice Suggestion

VARIABLES OLS OLS Sfi π̂fi π̂fi Ŝfi

Arch&Design 0.209*** 0.184*** 0.350*** 0.296* 0.317 0.730
(0.032) (0.039) (0.070) (0.152) (0.229) (0.775)

Econ&Business 0.822*** 0.732*** 1.123*** 1.027*** 1.004*** -0.165
(0.026) (0.029) (0.058) (0.168) (0.235) (1.070)

Law 0.711*** 0.647*** 0.973*** 0.551*** 0.454*** 0.423
(0.026) (0.029) (0.062) (0.131) (0.158) (0.980)

Engineering 0.610*** 0.519*** 0.878*** 0.796*** 0.870*** -0.129
(0.024) (0.028) (0.056) (0.177) (0.271) (1.014)

Math,Physics,IT 0.364*** 0.284*** 0.706*** 0.795*** 0.882** 1.774
(0.034) (0.036) (0.124) (0.266) (0.354) (2.064)

Medicine 0.620*** 0.545*** 0.867*** 0.822*** 0.870*** 0.621
(0.022) (0.026) (0.057) (0.209) (0.320) (0.833)

Social Sciences 0.311*** 0.283*** 0.400*** 0.233 0.187 -1.518
(0.028) (0.029) (0.155) (0.168) (0.185) (2.647)

Natural Sciences 0.289*** 0.235*** 0.457*** 0.548*** 0.628** -0.272
(0.027) (0.029) (0.076) (0.196) (0.246) (1.946)

Observations 200,025 200,025 200,025 199,999 199,999 199,999
R-squared 0.153 0.156 0.144 0.135 0.130 -0.224
SchoolXCohort FE X X X X X X
5yr Teacher FE X X X X X X
Indiv. Cont. X X X X X X
Peer Controls X X X X X X
Field suggestion Controls - X - - X -
Baseline hr wage omitted cat. 10.03 10.03 10.03 10.03 10.03 10.03
Cragg-Donald F 811 208.3 148.7 3.791
Underid pval 0 0 0 0.417

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table 2: Returns to broad field 0-25 on labor mkt - Log of income (cond. on inc¿0)

(1) (2) (3) (4) (5) (6)
OLS OLS IV1 IV2 IV3 IV4

Predicted Predicted Predicted
Own Choice Choice Suggestion

VARIABLES Suggestion +-2 -3 +-2

Stem 0.570*** 0.459*** 0.723*** 0.553*** 0.209 0.697**
(0.017) (0.018) (0.036) (0.126) (0.319) (0.309)

Natural Sciences 0.176*** 0.191*** 0.307*** 0.273** 0.395 0.326
(0.023) (0.022) (0.054) (0.139) (0.363) (0.429)

Econ&Bus+Law 0.714*** 0.653*** 0.938*** 0.530*** 0.889*** 0.706***
(0.020) (0.020) (0.042) (0.094) (0.187) (0.252)

Observations 197,124 197,093 197,093 197,067 140,050 197,067
R-squared 0.127 0.147 0.136 0.141 0.096 0.141
SchoolXCohort FE X X X X X X
Teacher Group FE X X X X X X
Indiv. Cont. - X X X X X
Peer Controls - X X X X X
Baseline hr wage omitted cat. 10.03 10.03 10.03 10.03 9.956 10.03
First Stage Cragg-Donald F 8883 1030 84.61 95.16
Underid pval 0 0 5.16e-05 2.26e-05

Omitted category is “Humanities, Social Sciences, Architecture and Design”.
Standard Errors Cluster at individual level. *** p<0.01, ** p<0.05, * p<0.1
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Table 3: Probability of observing non-zero income 1-26 years after university graduation

(1) (2) (3) (4) (5) (6)
IV IV IV IV

Own Predicted Predicted Predicted
Suggestion Choice Choice Suggestion

VARIABLES OLS OLS Sfi π̂fi π̂fi Ŝfi

Arch&Design 0.023* 0.015 0.050* -0.066 -0.092 -0.164
(0.013) (0.016) (0.027) (0.066) (0.097) (0.294)

Econ&Business 0.120*** 0.106*** 0.170*** 0.185** 0.196* -0.445
(0.011) (0.013) (0.024) (0.072) (0.102) (0.444)

Law 0.080*** 0.070*** 0.117*** -0.038 -0.073 -0.316
(0.010) (0.011) (0.023) (0.050) (0.062) (0.388)

Engineering 0.129*** 0.115*** 0.168*** 0.129* 0.150 -0.192
(0.010) (0.012) (0.022) (0.076) (0.114) (0.473)

Math,Physics,IT 0.039** 0.028* 0.055 0.257** 0.300** -0.125
(0.016) (0.016) (0.051) (0.112) (0.143) (0.814)

Medicine 0.251*** 0.240*** 0.279*** 0.210** 0.207 0.149
(0.011) (0.013) (0.025) (0.102) (0.150) (0.320)

Social Sciences 0.061*** 0.057*** 0.048 -0.001 -0.011 -1.323
(0.013) (0.013) (0.057) (0.069) (0.075) (0.957)

Natural Sciences 0.003 -0.010 0.055* 0.047 0.060 -0.462
(0.012) (0.014) (0.032) (0.075) (0.095) (0.949)

Observations 291,117 291,117 291,117 291,083 291,083 291,083
R-squared 0.044 0.045 0.042 0.018 0.011 -0.502
SchoolXCohort FE X X X X X X
5yr Teacher FE X X X X X X
Indiv. Cont. X X X X X X
Peer Controls X X X X X X
Field suggestion Controls - X - - X -
Baseline hr wage omitted cat. 0.638 0.638 0.638 0.638 0.638 0.638
Cragg-Donald F 1407 298 211.6 5.095
Underid pval 0 0 0 0.392

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table 4: Lottery ticket effect - Probability of reaching top 1%

(1) (2) (3) (4) (5) (6)
IV IV IV IV

Own Predicted Predicted Predicted
Suggestion Choice Choice Suggestion

VARIABLES OLS OLS Sfi π̂fi π̂fi Ŝfi

Arch&Design 0.011*** 0.008* 0.026*** 0.034 0.058 -0.075
(0.003) (0.005) (0.008) (0.024) (0.037) (0.202)

Econ&Business 0.060*** 0.056*** 0.073*** 0.078** 0.096** -0.431
(0.005) (0.006) (0.011) (0.031) (0.043) (0.312)

Law 0.079*** 0.073*** 0.105*** 0.041** 0.030 -0.170
(0.005) (0.005) (0.011) (0.019) (0.024) (0.272)

Engineering 0.012*** 0.009** 0.027*** 0.012 0.040 -0.354
(0.004) (0.004) (0.009) (0.031) (0.047) (0.341)

Math,Physics,IT -0.008** -0.011** 0.013 0.091* 0.126** 0.380
(0.004) (0.004) (0.020) (0.049) (0.062) (0.563)

Medicine 0.004 0.003 0.014 0.017 0.038 -0.170
(0.003) (0.004) (0.009) (0.042) (0.064) (0.227)

Social Sciences 0.006** 0.004 0.030* -0.015 -0.012 -0.738
(0.003) (0.004) (0.018) (0.026) (0.029) (0.648)

Natural Sciences -0.003 -0.004 0.008 -0.042 -0.030 -0.745
(0.002) (0.003) (0.009) (0.031) (0.040) (0.670)

Observations 291,117 291,117 291,117 291,083 291,083 291,083
R-squared 0.062 0.062 0.060 0.035 0.025 -2.229
SchoolXCohort FE X X X X X X
5yr Teacher FE X X X X X X
Indiv. Cont. X X X X X X
Peer Controls X X X X X X
Field suggestion Controls - X - - X -
Baseline hr wage omitted cat. 0.0113 0.0113 0.0113 0.0113 0.0113 0.0113
Cragg-Donald F 1407 298 211.6 5.095
Underid pval 0 0 0 0.392

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table 5: Probability of becoming a top manager

(1) (2) (3) (4) (5) (6)
IV IV IV

IV Predicted Predicted Predicted
Own Choice Choice Suggestion

VARIABLES OLS OLS Suggestion +-2 +-2 +-2

Arch&Design -0.012 -0.012 -0.008 0.182* 0.268* 1.735
(0.008) (0.011) (0.026) (0.097) (0.140) (2.154)

Econ&Business 0.088*** 0.082*** 0.115*** 0.126** 0.184** -0.560
(0.009) (0.010) (0.020) (0.057) (0.081) (0.943)

Law 0.012* 0.010 0.021 -0.052 -0.050 0.118
(0.007) (0.008) (0.020) (0.050) (0.065) (1.325)

Engineering 0.023*** 0.019** 0.054*** 0.133** 0.215** -0.069
(0.008) (0.009) (0.019) (0.059) (0.092) (0.454)

Math,Physics,IT -0.010 -0.010 -0.028 0.119 0.223* -0.076
(0.010) (0.011) (0.043) (0.095) (0.132) (1.069)

Medicine 0.111*** 0.109*** 0.139*** 0.414* 0.415 0.779
(0.022) (0.022) (0.041) (0.223) (0.289) (1.598)

Social Sciences 0.008 0.005 0.077* 0.034 0.053 -1.702
(0.007) (0.008) (0.041) (0.050) (0.059) (2.843)

Natural Sciences -0.010 -0.009 0.000 -0.032 0.031 0.082
(0.006) (0.007) (0.018) (0.056) (0.074) (1.722)

Observations 118,309 118,309 118,309 118,296 118,296 118,296
R-squared 0.099 0.100 0.092 0.014 -0.009 -6.392
SchoolXCohort FE X X X X X X
5yr Teacher FE X X X X X X
Indiv. Cont. X X X X X X
Peer Controls X X X X X X
Sector FEs - - - - - -
Baseline hr wage omitted cat. 0.0188 0.0188 0.0188 0.0188 0.0188 0.0188
Cragg-Donald F 411.2 77.92 58.32 0.953
Underid pval 0 6.42e-10 2.82e-08 0.793

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table 6: Probability of having income below the poverty line - 0-25 years on labor market

(1) (2) (3) (4) (5) (6)
IV IV IV IV

Own Predicted Predicted Predicted
Suggestion Choice Choice Suggestion

VARIABLES OLS OLS Sfi π̂fi π̂fi Ŝfi

Arch&Design -0.031*** -0.026*** -0.058*** 0.004 0.051 -0.118
(0.008) (0.009) (0.016) (0.032) (0.047) (0.148)

Econ&Business -0.112*** -0.094*** -0.171*** -0.141*** -0.116** -0.303
(0.005) (0.006) (0.011) (0.034) (0.048) (0.207)

Law -0.091*** -0.079*** -0.139*** -0.085*** -0.064* -0.225
(0.005) (0.006) (0.012) (0.029) (0.035) (0.191)

Engineering -0.107*** -0.087*** -0.161*** -0.090** -0.050 -0.198
(0.005) (0.006) (0.012) (0.036) (0.053) (0.196)

Math,Physics,IT -0.074*** -0.058*** -0.126*** -0.101** -0.058 -0.238
(0.008) (0.008) (0.025) (0.051) (0.068) (0.396)

Medicine -0.139*** -0.125*** -0.186*** -0.114*** -0.071 -0.261
(0.005) (0.006) (0.013) (0.042) (0.062) (0.163)

Social Sciences -0.062*** -0.057*** -0.072** -0.022 0.003 -0.559
(0.007) (0.007) (0.035) (0.037) (0.040) (0.515)

Natural Sciences -0.068*** -0.056*** -0.106*** -0.160*** -0.143*** -0.416
(0.006) (0.007) (0.017) (0.040) (0.050) (0.366)

Observations 200,025 200,025 200,025 199,999 199,999 199,999
R-squared 0.042 0.044 0.037 0.028 0.027 -0.174
SchoolXCohort FE X X X X X X
5yr Teacher FE X X X X X X
Indiv. Cont. X X X X X X
Peer Controls X X X X X X
Field suggestion Controls - X - - X -
Baseline hr wage omitted cat. 0.147 0.147 0.147 0.147 0.147 0.147
Cragg-Donald F 811 208.3 148.7 3.791
Underid pval 0 0 0 0.417

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table 7: Probability of having a fixed-term contract

(1) (2) (3) (4) (5) (6)
IV IV IV IV

Own Predicted Predicted Predicted
Suggestion Choice Choice Suggestion

VARIABLES OLS OLS Sfi π̂fi π̂fi Ŝfi

Arch&Design 0.092*** 0.114*** 0.006 0.073 0.109 0.112
(0.021) (0.024) (0.044) (0.099) (0.142) (0.512)

Econ&Business -0.207*** -0.180*** -0.301*** -0.099 -0.032 0.196
(0.012) (0.014) (0.027) (0.079) (0.114) (0.501)

Law -0.107*** -0.083*** -0.225*** -0.075 -0.040 -0.049
(0.013) (0.015) (0.032) (0.085) (0.104) (0.675)

Engineering -0.234*** -0.192*** -0.366*** -0.293*** -0.306*** 0.047
(0.012) (0.014) (0.026) (0.077) (0.114) (0.459)

Math,Physics,IT -0.131*** -0.101*** -0.214*** -0.097 -0.081 -0.092
(0.017) (0.018) (0.056) (0.121) (0.162) (0.719)

Medicine -0.048** -0.003 -0.250*** -0.328 -0.386 -0.126
(0.024) (0.027) (0.055) (0.280) (0.366) (0.766)

Social Sciences -0.067*** -0.052*** -0.191*** -0.116 -0.089 1.126
(0.015) (0.016) (0.074) (0.083) (0.096) (1.236)

Natural Sciences -0.106*** -0.086*** -0.174*** -0.293*** -0.342*** 0.171
(0.014) (0.015) (0.037) (0.085) (0.107) (0.918)

Observations 145,504 145,504 145,504 145,491 145,491 145,491
R-squared 0.080 0.083 0.069 0.045 0.032 -0.394
SchoolXCohort FE X X X X X X
5yr Teacher FE X X X X X X
Indiv. Cont. X X X X X X
Peer Controls X X X X X X
Field suggestion Controls - X - - X -
Baseline hr wage omitted cat. 0.410 0.410 0.410 0.410 0.410 0.410
Cragg-Donald F 609.8 109.5 77.70 3.256
Underid pval 0 0 0 0.430

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table 8: Probability of receiving unemployment benefits

(1) (2) (3) (4) (5) (6)
IV IV IV IV

Own Predicted Predicted Predicted
Suggestion Choice Choice Suggestion

VARIABLES OLS OLS Sfi π̂fi π̂fi Ŝfi

Arch&Design -0.010*** -0.010*** -0.012*** -0.023*** -0.020 -0.052
(0.001) (0.002) (0.003) (0.008) (0.012) (0.040)

Econ&Business -0.010*** -0.010*** -0.012*** -0.006 -0.001 -0.010
(0.001) (0.002) (0.003) (0.010) (0.014) (0.073)

Law -0.011*** -0.010*** -0.016*** -0.024*** -0.023** -0.033
(0.001) (0.002) (0.003) (0.007) (0.009) (0.061)

Engineering -0.010*** -0.008*** -0.015*** -0.003 0.007 0.024
(0.001) (0.002) (0.003) (0.011) (0.016) (0.080)

Math,Physics,IT 0.000 0.003 -0.011* 0.015 0.026 -0.138
(0.003) (0.004) (0.006) (0.016) (0.020) (0.116)

Medicine -0.016*** -0.014*** -0.021*** -0.026* -0.021 -0.027
(0.001) (0.001) (0.003) (0.015) (0.021) (0.048)

Social Sciences -0.008*** -0.007*** -0.011* -0.033*** -0.031*** -0.111
(0.002) (0.002) (0.007) (0.010) (0.011) (0.150)

Natural Sciences -0.006*** -0.005*** -0.010** -0.042*** -0.041*** -0.012
(0.002) (0.002) (0.005) (0.012) (0.014) (0.139)

Observations 291,117 291,117 291,117 291,083 291,083 291,083
R-squared 0.010 0.011 0.010 -0.011 -0.013 -0.220
SchoolXCohort FE X X X X X X
5yr Teacher FE X X X X X X
Indiv. Cont. X X X X X X
Peer Controls X X X X X X
Field suggestion Controls - X - - X -
Baseline hr wage omitted cat. 0.0127 0.0127 0.0127 0.0127 0.0127 0.0127
Cragg-Donald F 1407 298 211.6 5.095
Underid pval 0 0 0 0.392

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table 9: Probability of working in a sector/occupation cell that does not require a college
degree - 0-25 years on labor market

(1) (2) (3) (4) (5) (6)
IV IV IV IV

Own Predicted Predicted Predicted
Suggestion Choice Choice Suggestion

VARIABLES OLS OLS Sfi π̂fi π̂fi Ŝfi

Arch&Design 0.090*** 0.076** 0.128** -0.120 -0.176 0.247
(0.028) (0.031) (0.064) (0.196) (0.275) (1.927)

Econ&Business -0.051*** -0.051** -0.062 -0.174 -0.233 0.822
(0.017) (0.020) (0.039) (0.132) (0.192) (0.867)

Law -0.063*** -0.065*** -0.053 -0.045 -0.033 1.740
(0.018) (0.020) (0.044) (0.133) (0.169) (2.129)

Engineering 0.034** 0.028 0.020 -0.023 -0.055 0.753
(0.017) (0.020) (0.039) (0.125) (0.190) (1.010)

Math,Physics,IT -0.075*** -0.082*** -0.101 -0.305 -0.348 -0.518
(0.023) (0.025) (0.088) (0.193) (0.258) (1.800)

Medicine -0.273*** -0.265*** -0.357*** 0.567 0.819 1.647
(0.019) (0.024) (0.067) (0.392) (0.512) (3.872)

Social Sciences -0.027 -0.023 -0.164* -0.059 -0.029 0.299
(0.020) (0.020) (0.096) (0.116) (0.134) (3.063)

Natural Sciences -0.072*** -0.087*** -0.025 -0.100 -0.126 0.911
(0.018) (0.020) (0.050) (0.120) (0.153) (1.506)

Observations 94,549 94,549 94,549 94,536 94,536 94,536
R-squared 0.060 0.061 0.051 -0.041 -0.072 -1.592
SchoolXCohort FE X X X X X X
5yr Teacher FE X X X X X X
Indiv. Cont. X X X X X X
Peer Controls X X X X X X
Field suggestion Controls - X - - X -
Baseline hr wage omitted cat. 0.319 0.319 0.319 0.319 0.319 0.319
Cragg-Donald F 330.3 68.52 51.34 0.556
Underid pval 0 5.61e-10 5.93e-08 0.852

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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