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Abstract

Despite the striking reversal of the gender gap in industrialised countries in the

last 40 years, women still pursue degrees in science, technology, engineering and

mathematics (STEM) much less than their male peers do. I use data from a uniquely

rich and largely unexplored source that combines both administrative and survey

information on the population of Italian graduates to analyse the determinants of

gender gaps in STEM graduation rates for Italian college leaving cohorts from 2010

to 2015, with emphasis on family, cultural and school influences, as well as geographic

proximity in the supply of STEM degrees. Half of the gender gap in STEM graduation

is attributed to the gender difference in maths and science content of the respective

high school curricula. My results indicate that in Italy the gender gap in STEM

graduation has its roots in a gendered choice originating many years before. This

finding suggests that the role of the influence of environmental factors – such as the

family – in the different educational choices of females and males is even greater than

can be estimated through this study.
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1 Introduction

During the past 40 years there has been a striking reversal of the gender gap in education

in industrialised countries. Although women are currently more likely than men to hold

a college degree in the vast majority of OECD countries, their choices of college major

have been and persistently continue to be different from those of men. Figure 1 illustrates

the percentage of females among graduates with a bachelor degree in 7 OECD countries

in 2015, for all fields of education and separately for the fields of science, engineering,

education and humanities. In all countries but Germany women constitute more than

half of all bachelor’s degree graduates and are greatly over-represented in education and

humanities, but they represent only 20 to 30% of engineering graduates.

Science, technology, engineering and mathematics degrees – indicated with the acronym

STEM – have been the object of increasing attention in education, economic and policy

fora. During the 2017 celebration of the International Day of Women and Girls, the UN

Assistant Secretary-General Lakshmi Puri stated that “we must ensure that women’s par-

ticipation in innovation is not the exception, but becomes the norm”. Several initiatives

aimed at encouraging female students to undertake STEM careers have been promoted

all around the world; some examples are the initiative ‘Girls in Stem’ in Turkey from

the Nobel Laureate in chemistry Professor Aziz Sancar and the ‘Girls in ICT ’ from the

International Telecommunication Union. In Italy, which is the setting for the present

study, the Gender Equality Department of the government launched ‘Stem Month’ in

2016, showcasing a series of initiatives targeting female pupils in primary and secondary

schools, with the goal of encouraging their interest in STEM subjects.

There is a widespread consensus that STEM skills are crucial to sustaining innovation

and growth (Osikominu et al., 2014). However, the share of graduates in STEM majors

across OECD countries in 2015 was only 23% (and the enrolment share was approximately

27%). Thus, understanding the mechanisms underlying the educational segregation of

women may shed light on issues regarding the scarcity of scientists that the European

Union is concerned about.

Furthermore, several studies have provided evidence that – because STEM degrees

typically lead to higher-paying jobs – gender gaps in college majors translate into gender
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gaps in earnings later in life (Flabbi, 2012; Anelli and Peri, 2015a; Card and Payne, 2017).

In this paper, I analyse the determinants of gender gaps in STEM graduation rates

for Italian college-leaving cohorts from 2010 to 2015, with an emphasis on family, cultural

and school influences, as well as geographic proximity in the supply of STEM degrees. For

this purpose I use data from a uniquely rich and largely unexplored source (AlmaLaurea)

that combines both administrative and survey information on the population of Italian

graduates.

I am able to characterise the students’ pre-college education in its most relevant

aspects. One aspect is the curriculum of the high school attended, which varies widely in

its maths components across a large number of available tracks. Moreover, a secondary

school identifier allows me to capture the influence of unobservable school characteris-

tics, over and above differences in their official curriculum. These administrative data

are supplemented by survey-based information on students’ family background and their

attitudes and aspirations. By exploring the role of gender preferences in shaping college

major choices I contribute to the literature on the impact of gender differences in personal

traits – largely documented by the experimental literature1– on real-life choices.

I complement the data from AlmaLaurea with information on the general attitudes,

demographic composition and political orientation of Italian municipalities. This informa-

tion is then used to characterise the elements of students’ background that are arguably

related to gender identity norms. Finally, I use administrative data on the supply of

STEM degree programmes across Italian universities in order to relate students’ choices

of majors to the geographic distribution of the supply of STEM degrees.

I estimate an average unadjusted gender gap in STEM graduation rates of approxi-

mately 22 percentage points for 2010-2015 cohorts. The most important determinant of

this difference, driving approximately half of the observed gap, is the gender difference

in the maths and science content of the respective high school curricula. This difference

can be traced to educational choices made at age 14, when boys are more likely than girls

to enrol into high school tracks that are more intensive in maths and science. Despite

differences in high school choices, girls on average complete high school with a higher

final grade than boys, regardless of track. This result implies that if girls were under-

1See Azmat and Petrongolo (2014) for a review of this literature.
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performing relative to boys in maths- and science-intensive high school tracks, the gender

gap in major choices would be even greater. Based on self-reported measures of students’

personal traits, the attitudes of girls suggest lower competitiveness and higher altruism

and social mindedness; however, these differences do not appear to play an important role

in driving the gender difference in major choices. On the other hand, male and female

students have, on average, very similar family and social environments – as measured by

the parental and municipality characteristics. Therefore, the gender gap in the outcome

cannot be explained by differences in these environments.

When this large set of characteristics is controlled for, half of the gap remains unex-

plained. The results from an Oaxaca decomposition show that approximately 50% of the

part of the gap not explained by differences in characteristics is accounted for by a much

lower probability of girls of choosing a STEM degree even conditional on having attended

one of the maths- and science-intensive high school tracks. The results also suggest that

family and social background features – over and above the influence they can already

have on attitudes and previous choices – affect female and male college choices differently,

each accounting for another 20% of the unexplained part of the STEM gap.

The remainder of the paper is organised as follows. Section 2 describes the conceptual

framework and reviews the related literature; Section 3 describes the background of STEM

college majors in the Italian education system. A description of the data and summary

statistics are provided in Section 4. Section 5 presents and discusses the results based on

the Gelbach and Oaxaca decompositions of the estimated gender gap in the choice of a

STEM major. Section 6 concludes the paper.

2 The determinants of major choice

In this section I discuss the factors and mechanisms potentially shaping the gender gap

in major choices in greater detail. I focus on three sets of explanations: (i) human capital

factors, i.e., a student’s preparation and achievement at pre-collegiate levels of education;

(ii) personal factors, summarised by individuals’ attitudes and aspirations for their future

career; and (iii) parental and societal influence, which can in turn affect both high school

choices and individuals’ preferences for higher education.
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2.1 Pre-college education

The choice of enrolling in a STEM university course is realistically influenced by the

science and maths ability and knowledge that students would have acquired prior to

choosing their major. This ability and knowledge are in turn largely determined by the

high school track attended. In Italy, the first stage of education that offers a range

of curricular choices is the start of high school, which follows the completion of middle

school at age 14. Tracks available may be academic or vocational, and they vary widely in

maths content. Within the academic system, high schools (“licei”) specialise in one of the

following: maths and science, humanities, modern languages or art. Within the vocational

system, high schools (“istituti”) offer a wide variety of tracks with specialisations in

IT and technical applications, business and accounting, administration, tourism, etc.

The distinction between the academic and vocational tracks was originally conceived to

prepare students for higher education and middle-skill-level jobs, respectively. Following

a law approved in 19692, students graduating from any high school have access to higher

education. An important point to note is that in the Italian education system the choice

of curriculum is made at the relatively early age of 14, when family influences may be

stronger than they are later in life.

The existing literature has investigated whether boys and girls make systematically

different choices prior to college entry. For the US, Xie and Schauman (2003) find that

girls are less likely than boys to participate in science and engineering courses in high

school. For Canada, Card and Payne (2017) find instead that the gender gap in the

fraction of high school graduates who have taken STEM courses is small and is not the

main explanation for the gender gap in STEM majors. My evidence for Italy demonstrates

that girls are largely under-represented in maths-intensive high school tracks. In my final

sample of college graduates, only 53% of girls have completed maths-intensive or technical

high schools, in contrast to 83% of boys. The extent to which this gap maps to gender

gaps in college majors depends on the explanatory power of the high school track in

shaping major choices. Evidence for both the US and the UK indicates that taking

maths-intensive courses in high school is a strong predictor of a later STEM major choice

2Law n.910 of the 11th of December 1969.
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(Gottfried and Bozick, 2016; Philippis, 2017).

Secondary education may also impact major choices via specific (observable or un-

observable) high school characteristics, over and above their general track. For example,

Legewie and DiPrete (2014) find that, all else being equal, gender segregation in extra-

curricular activities have a discernible impact on the gender gap in the STEM choice in

US. This evidence may be consistent with the self-selection of girls into high school with

certain characteristics predictive of STEM choice, or with a differential gender impact of

such characteristics.

Finally, conditional on high school choice, performance and final grades may play

a role in STEM choice. STEM degrees are typically considered the most demanding

ones; in a sample of higher education graduates from 14 OECD countries, Flabbi (2012)

finds that science fields attracts the highest proportion of top-performing students in

secondary school in both the male and female samples. Moreover, when looking at the

perceived characteristics of the study programme, he finds that more than 20% of men

and women regard study programmes in the scientific field as very demanding, while only

approximately 10% of the respondents express the same judgement about humanities pro-

grammes of study. I find evidence that better high school grades are positively associated

with later pursuing a STEM degree; this observation is interesting given that girls in my

sample achieve, on average, better high school final grades than boys regardless of track.

2.2 Personality traits

Preferences are arguably an important factor in major choice. Wiswall and Zafar (2015)

observed that the single largest factor in determining a student’s college major is rep-

resented by preferences and tastes – i.e., how much the individual likes the subject and

the job associated with it. This is even after randomly providing some students with

additional information, such as earnings potential associated with the different majors.

Several recent studies have demonstrated that men and women are systematically

different in some psychological attributes.3 Females are found to be more risk averse and

less willing to compete, and this could explain why they choose careers with less risk and

3See, for example, Booth and Nolen (2009), Gneezy et al. (2003), Niederle et al. (2013), Andreoni and
Vesterlund (2001), Eckel and Grossman (1998).
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competition. Moreover, women are found to be more socially minded and altruistic, which

may translate into different occupational aspirations and career preferences. Such differ-

ences could be associated with differences in major choices, as majors in humanities and

social sciences may be associated with a larger interest in society, while maths-intensive

majors such as engineering may be associated with a more egoistic and competitive view

of the world (Anelli and Peri, 2015b).

The evidence on the influence of these differences on real-life choices is not very

rich and is mainly constrained by the lack of data adequately measuring personal traits.

With respect to gender differences in college major choices, Zafar (2013) attributes the

gender gap mostly to gender differences in preferences and tastes, particularly to men’s

stronger emphasis on pecuniary outcomes and women’s stronger emphasis on enjoying

their coursework and employment in potential jobs. My evidence is consistent with the

following assumptions for females (compared to males): earnings are less important while

culture is more important; career prospects count less, suggesting lower competitiveness;

free time is valued more; and women are more involved in volunteering activities, which

suggests greater social mindedness and altruism.

2.3 Family and social background

The seminal work of Akerlof and Kranton (2002) introduced the idea that individuals’

social identity enters into their choices, and thus social incentives may explain why ob-

served choices are at odds with economic incentives. Applying this idea to the gender gap

in major choice implies that certain women with high ability may choose to exert lower

effort and select less difficult majors with lower monetary returns when identity enters

their choices, because it is expected from them under the prevailing gender identity norms

and they internalise social expectations about their role. External influence can originate

from a close environment, such as the family, or from broader social settings in which

individuals live, such as the civic community.

A vast body of literature demonstrates positive correlations between parents and

children in terms of economic, educational, social, and behavioural outcomes. Parents’

educational achievement is important to the extent that it proxies for parents’ abilities
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and skills, which are strong predictors of the abilities and skills of their children.4 Several

studies emphasise that the family environment is relevant for the transmission not only

of skills but also of gender norms, and they document a positive correlation between the

gender role attitudes of parents and children.5 Cheng et al. (2017) provide interesting

evidence of maternal role modelling for daughters’ choices: they find that having the

mother employed in a STEM occupation increases the probability of the child working in

hard sciences. Thus, measuring aspects of the family arguably related to attitudes towards

females, including the education or employment/social status of the mother relative to

that of the father, is important in studies focusing on young students’ choices.

In addition, the civic community in which individuals grow up can be important for

the transmission of gender norms. Several studies indicate a direct relationship between

attitudes towards women and the maths gender gap in a given society. For example,

Guiso et al. (2008) compare gender differences in test performance across countries with

different levels of gender equality and find that girls’ under-performance in maths relative

to boys’ performance is eliminated in more gender-equal cultures. Moreover, González de

San Román and de la Rica (2012) find that girls perform relatively better in both maths

and reading in societies where gender equality is enhanced, and Nollenberger et al. (2016)

demonstrate that the maths gender gap for each immigrant group living in a particular

host country (and exposed to the same host country’s laws and institutions) is explained

by measures of gender equality in the parents’ country of ancestry. The influence of the

social environment can be particularly relevant in a context such as Italy, where there is

a high degree of cultural diversity even across small communities such as municipalities.

3 STEM in the Italian context

The acronym STEM refers to a “group of disciplines that teach the skills required for a

high-tech economy”.6 What this means in practice, as well as how this definition relates

to specific courses in higher education institutions, is a more complex matter; the defini-

4For an extensive review of the literature on the intergenerational transmission of education and earn-
ings see Black and Devereux (2011).

5For example, Farré and Vella (2012) find that in a sample of US mothers and children, children’s
views about working women are affected by their mother’s attitudes, which in turn influence female
labour market decisions.

6Definition from the House of Lords 2nd Report 2012-2013 on Higher Education in STEM subjects.
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tion varies across countries, and sometimes even among different bodies within the same

country.

In Italy, a list of the university courses that are considered STEM is provided by the

Ministry of Education (MIUR). These are the courses that correspond to groups 04 and 05

of the classification FOET (Fields of Education and Training) 1999: ‘science, mathematics

and computing’ and ‘engineering, manufacturing and construction’7. In table 1 I report

the FOET 1999 classification in terms of both broad fields and a finer classification based

on ‘fields of education’. Within the two STEM groups, we can distinguish 7 fields: life

sciences, physical sciences, maths & stats, engineering, manufacturing, architecture and

building, and computing.

The STEM definition appears to include a fairly heterogeneous group of fields of

study. I look at administrative data on students’ enrolment in Italian universities in 2010

– made available by the MIUR – to analyse the gender gap in enrolment by field of study.

The overall gender gap in enrolment in STEM fields in 2010 was 19 percentage points,

with the average probability of enrolling in a STEM degree being 27%. When analysing

the enrolment gender gap for each of the sub-fields (Figure 2), I find a relevant degree of

heterogeneity.8 Within STEM fields (panel (a)), the gender gap is more pronounced in

some fields including computing and engineering, physics and earth science. By contrast,

for other fields such as architecture, chemistry, and maths & stats the gap is smaller, or

even reversed, as for manufacturing and life sciences. On the other hand, most non-STEM

fields (panel (b)) are characterised by a positive gender gap; the exceptions are business

and administration and most of the service fields.

To identify the characteristics that distinguish fields in which females are more likely

to enrol from fields that are male-dominated, I use administrative data from the MIUR

on the very detailed content of each of the approximately 2,500 unique undergraduate

or single-cycle courses offered by Italian higher education institutions in 2010. I charac-

terise the maths content of each course by building a maths intensity index, which is the

proportion of university ‘credits’ that students have to obtain in maths-intensive subjects

7Geography is classified as physical science and is in group 04, but it is excluded from the STEM
definition.

8I adopt here a further classification for the physical sciences group – namely, distinguishing physics,
chemistry, and earth sciences – and for the architecture and building field – distinguishing architecture
and town planning from building and civil engineering.
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out of all the credits they need in order to graduate from a specific course. Across all

courses classified as STEM, the average index is 0.64, while for non-STEM courses it

is 0.13: STEM courses are clearly the maths-intensive ones. Figure 3, which plots the

index separately for each STEM and non-STEM sub-field in panel (a) and panel (b), re-

spectively, shows that maths intensity varies substantially across different fields. Within

STEM fields, life science, chemistry and earth science are characterised by a relatively low

maths content. Within non-STEM fields, business and administration, transport service

and security service fields are characterised by a relatively high maths content.

The analysis of course content and of enrolment patterns points to a negative cor-

relation between the maths intensity of a field and the gender gap in the probability of

enrolling in majors in that field. Figure 4 plots the maths intensity and enrolment gender

gap of the different fields of study on the x-axis and the y-axis, respectively. The majority

of the STEM fields fall in the bottom right part of the graph; i.e., they are characterised

by high maths content and a negative gender gap in enrolment. The opposite is true for

most non-STEM fields. Within STEM fields, the ones characterised by a relatively lower

gender gap in enrolment are also the ones with less maths content (for example chemistry,

earth and life sciences), and the opposite is true within non-STEM fields (for example,

business and administration and most service fields). The correlation between these two

measures is −60%. Even at the level of more than 2,000 unique university courses, the

correlation is almost −50%.

I will use the information obtained on course content to estimate the gender gap in

the maths intensity of the specific course of study chosen and analyse its determinants.

4 Data and Variable Description

To analyse students’ choices of major, I use data from the AlmaLaurea Graduates’ Profile,

a survey of the population of college graduates from most Italian universities interviewed

upon graduation, which is made available by the research institution AlmaLaurea. I focus

on students from undergraduate and single-cycle courses graduating from 2010 to 2015

in one of the 56 universities taking part in the survey for the whole period considered. A

detailed description of the dataset and an analysis of its representativeness of the overall
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population of Italian college graduates are presented in the Data Appendix.

Not all students enrolled in universities will obtain a degree, and in this sense, the

AlmaLaurea database represents only a selected sample of students. In particular, if

the drop-out rate is differential between male and female students, this might result in an

over- or underestimation of the real gender gap in the choice of studying a STEM subject.

The direction of the bias is not clear a priori : female students might be more likely to be

discouraged than male students because of their different attitudes towards competition,

or women may be influenced by social pressures based on the belief that they are less

suitable than men for such careers and may thus be more likely to drop out. It is also

possible that only the most determined females enrol in STEM, such that STEM female

students are less likely than males to drop out.

Enrolment data are available from the MIUR for the years since 2003, only aggre-

gated at the university, field of study and province of residence level. I compare the

graduation rates obtained from the AlmaLaurea data with data on enrolment rates in

STEM fields by gender and year of enrolment. Figure 5 is a plot of the obtained gradua-

tion and enrolment rates and the gender gaps. The graph illustrates the lack of association

between the drop-out rate in STEM fields and gender, indicating that the gender gap in

graduation is a good proxy for the gender gap in the choices made by young students at

time of enrolment. Given that the outcome analysed in this study is a rate resulting from

the joint probability of enrolling in a STEM degree and of graduating with a STEM de-

gree, the results of the analysis should be interpreted while noting that the impact of any

factor on this outcome entails both the impact on the decision at the time of enrolment

and the impact on subsequent decisions up to graduation.

For the purpose of my analysis, I exploit the richness of the Graduates’ Profile survey

to gain access to several pieces of information about each student’s background. I am

particularly interested in three groups of variables: (i) graduates’ high school choices

and performance, (ii) their attitudes and aspirations, and (iii) their family and social

background.

Administrative variables provided by each university include the following: high

school final grade; high school curriculum, which gives a useful measure both of students’

preferences at earlier stages in life and of the type of skills they have at the moment of
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enrolling in the university; and the names of the specific high schools attended by each

student, which allows me to control for the role of other high school characteristics over

and above their general track.

The other variables are constructed from students’ answers to the questionnaire. I

measure students’ attitudes and aspirations through answers to questions on the following:

the motivation for the major choice, particularly whether professional or cultural factors

had a greater influence on the decision; the relevance of several aspects related to their

future career, including salary, career prospects, culture, stability and free time; the

engagement in volunteering activities, which can be regarded as reflecting how altruistic

and socially minded an individual is.

To characterise a student’s family background, I draw on answers to questions about

the level of education of both parents and their last occupation to proxy for socio-economic

status. An interesting aspect of the survey is that it collects information on the field of

study for parents with college degree. This information helps to distinguish and evaluate

the importance of whether the students’ mother and father have a STEM degree relative

to other degrees.

4.1 Local variables from other data sources

An important piece of information for my analysis in the AlmaLaurea survey is the munic-

ipality of origin of each graduate. Universities provide both the municipality of birth and

the municipality of residence at the time of enrolment. I draw on the latter to characterise

a student’s sociocultural background at the time of major choice. Secondary data sources

are used to construct alternative indicators for society progressivism at different time

periods and in different municipalities. The goal is to recover some indirect measures of

gender equality in Italian society along two different dimensions: political empowerment

and sexual emancipation.

To measure women’s political empowerment, I use an indicator of whether the mayor

is a female and the share of females in municipal councils, both taken from the Census of

Local and Regional Administrators made available by the Italian Ministry of the Interior.

Following Braga and Checchi (2008), I use as proxies for women’s sexual emanci-

pation the municipality-specific fertility rate – calculated as the number of live births

12



divided by the number of women between ages 15 and 49 times 1,000 – and the share of

religious marriages over the total number of marriages, both obtained from the “Atlante

Statistico dei comuni” of the Italian National Institute of Statistics (ISTAT). As women’s

control over their sexuality increases, the fertility rate should decrease. Civil marriages

are characterised by lower gender segregation and a greater equality between partners.

I am able to build a consistent time series for the period between 2003 and 2011.

In Figure 6, I plot the variables for 2010. Only 10% of the municipalities are governed

by a female mayor, and panel (a) of the figure illustrates that these municipalities are

concentrated in the northern part of the country. On average across all municipalities,

the share of female councillors in local governments is only 20%, and as depicted in panel

(b) the percentage is higher in northern municipalities. The average fertility rate is ap-

proximately 39 across all municipalities, and panel (d) shows that fertility is unexpectedly

higher in northern regions than in southern regions, although the geographical pattern is

not very clear and sharp. Finally, most marriages in Italy are celebrated with religious

rituals: on average, the percentage of total marriages is 68%, and as shown in panel (d),

the rate is higher in southern Italy.

4.2 Supply of STEM education

Students’ decision to enrol in a STEM degree programme is potentially also a function

of the availability of STEM courses. A student residing in a given municipality upon

finishing high school faces a distribution of university courses offered in different locations

across the country. The student’s choice of major then depends not only on his/her

preferences but also on the characteristics of this supply.

I use administrative data on higher education made available by the MIUR to mea-

sure the different factors characterising the higher education supply in Italy, and I sum-

marise them in a single supply index. In particular, for each STEM and non-STEM

course available, I extract the geographical location in which it is offered, the size of the

university offering it and the availability of scholarships at the university.

An Italian student with a general high school degree can in principle choose from all

of the available tertiary education programmes and institutions. For a specific group of

majors – namely, most majors in the health group (medicine, dentistry) plus architecture
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and the recently established (2008) major educational science – access is limited and

conditional on the successful performance on entry tests, which are managed nationally

by the MIUR. For other majors, each offering institution can decide to set a limit on

the number of students who can enrol each year. Unfortunately, information on the

exact number of places made available by each university for each major characterised by

nationally or locally managed limited access is not available. This makes it impossible

to construct a precise measure of the availability of places supplied by each university

for every field of study. By contrast, data on the number of students enrolled yearly in

each major at different universities, which are easily accessible, give a measure of the

equilibrium quantity resulting from the supply and demand for education. At best, this

measure can be used as a proxy for the quantity of supply. In particular, I use data on

enrolment to classify universities into 4 categories: very large (more than 40000 students

enrolled), large (between 20000 and 40000 students enrolled), medium (between 10000

and 20000 students enrolled), and small (less than 10000 students enrolled).

The enrolment choice is also constrained by costs. Direct pecuniary costs depend on

tuition fees and scholarship availability. In Italy, tuition fees are relatively low compared

to international equivalents, they are similar across universities (except for a few private

ones) and vary insignificantly across majors within a university. However, the availability

of scholarships can vary substantially among different institutions: the level of scholarships

awarded to eligible students depends on the availability of regional funds, which can vary

greatly among regions. Typically, southern regions are characterised by lower availability

of regional funds and consequently of scholarships relative to those available in northern

regions. I draw on data on the percentage of scholarships awarded to eligible students to

construct weights that confer higher relevance to universities in which the likelihood of

receiving a scholarship is higher.

Another important aspect of the cost of choosing a given course of study is repre-

sented by the geographical proximity to the municipality where the course is offered. I

calculate the linear distance from each Italian municipality to each municipality where a

higher education course is offered. Based on the calculated distance, I construct a geo-

graphical proximity weight. This value is always 1 if the linear distance is 0 (the course

is offered in the same municipality); for other municipalities, it is the inverse of the linear
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distance.

For each Italian municipality I construct an index by summing the number of courses

– both overall and of STEM fields only – offered in all Italian municipalities, weighted by

the following: the size of the university offering the course, the percentage of scholarships

awarded to eligible students at each university, and the geographical proximity to the

municipality where the course is offered.

Figure 7 is a plot of the resulting 2010 index for the overall supply and the STEM

supply by municipality. The supply of STEM education is clearly correlated with the

overall supply, but not perfectly. The figures show the dramatic difference in the supply

of higher education between northern and southern Italy. Students residing in northern

Italy clearly face a higher supply relative to students coming from southern regions, and

this variation may account for differences in STEM graduation rates between students

from different parts of the country. Assuming that male and female students are equally

distributed across municipalities, these differences in the supply measure should be less

relevant for the gender gap. However, if female and male students respond differently

to supply, then this variable might account for part of the gender gap. For example,

females might be less likely than males to leave the family and move – because of different

preferences or social attitudes towards females’ choices. This would imply that, given the

same distance from a STEM course, females may be less likely to enrol in such a course.

4.3 Final Sample and Summary Statistics

The number of college graduates from 2010-2015 cohorts exiting from one of the 56 uni-

versities taking part in the AlmaLaurea survey for the entire period considered is approx-

imately 1.1 million.

To analyse the choice of field of study, I focus on 3-year undergraduate or 5-year single

cycle students, numbering approximately 790,000. I restrict the sample to students who

were born in Italy and residing in Italy at graduation – excluding 4% of the observations

– and who enrolled between the ages of 18 and 21 in the years from 2003 to 2011 –

approximately 80% of the sample – which are the years for which I have data on the

variables at the municipal level.

I merge these data with the data on municipality characteristics and the local supply
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of STEM programmes. For approximately 85% of the observations I have information on

all the variables, so the final sample consists of 485,350 observations.

Table 2 lists summary statistics of the main variables presented separately for male

and female students in the sample. Females constitute 62% of the sample, confirming that

women are over-represented in the population of university graduates. As expected, the

outcome variable documents a large gender gap in the probability of graduating in STEM

fields, precisely 22 percentage points, which is 85% of the overall average probability of

studying STEM. When looking at the maths intensity of the course chosen, I find a gender

gap that is similar in magnitude: the percentage of maths-intensive subjects in courses

chosen by females is, on average, 22 percentage points less than that for their male peers.

The distribution of the two samples across high school study paths shows that young

girls are over-represented in the humanities track while boys mainly choose the scientific

path.9 The majority of men are tracked early on into classes with higher exposure to

science and maths, and vice versa for girls. On the other hand, females always outperform

males: they obtain a higher final high school grade on average regardless of the track

chosen.

In terms of attitudes and aspirations, some interesting differences emerge: relative

to men, women are less likely to declare that they have chosen their field of study for pro-

fessional rather than cultural motivations, they are less likely to consider career prospects

to be very important for their future job, and they seem to more strongly value aspects

such as culture and stability of the job. Moreover, on average, female students carry out

more volunteering activities than their male peers.

Furthermore, compared with males, females appear to have parents who are slightly

less educated and have lower-level jobs.

The final group of variables included in the analysis are those measured in the munic-

ipality of residence in the year of enrolment at university, which are used to characterise

the social background in which a student made the choice of major upon exiting from high

school and the supply of higher education faced. Unsurprisingly, there is no difference

9The Scientific & Technical category is an indicator for having attended a ‘scientific’ high school offering
students a maths- and science-intensive curriculum or a ‘technical’ high school offering specialisation in
technological subjects such as IT, electronics or chemistry. The Humanities category is an indicator for
having attended humanities-intensive high schools including ‘classics’, ‘languages’ and ‘artistic’ tracks.
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between females and males in these variables. Thus, if any of these variable explains the

gender gap in STEM graduation rates, this would not be due to differences in those en-

vironments but instead would stem from how the two sexes respond differently to similar

environmental features.

5 Empirical Method and Results

I estimate a linear probability model for STEM major choice that takes into account

human capital and personal factors, as well as family and societal influences. The speci-

fication estimated is given by:

yimτt = β1Fi +Xiβ2 + Zmτβ3 + γm+ δτ + ηt+ uimτt [1]

where yimτt is an indicator for graduation in a STEM field for student i who resides,

upon enrolment, in municipality m, enrols in year τ and graduates in year t; Fi is a

female dummy; Xi is a vector of individual and family characteristics; and Zmτ is a

vector of variables measured at the municipal level at the time of college enrolment. I

also estimate the same specification for the outcome of the maths intensity index for the

college course of study chosen by each student.

The results from the full regression estimations are reported in tables B1 and B2 of

the appendix for the probability of graduating from a STEM major and for the maths

intensity of the specific course attended, respectively. The results are very similar for

the two outcomes. From the estimations performed on the pooled sample of females and

males (columns (1) of both tables) we observe that having attended a maths- and science-

intensive high school and having obtained a higher high school final grade are positively

associated with both outcomes. Measures of personal traits that are arguably related to

a higher level of competitiveness – such as professional rather than cultural motivation

for major choice and the high value attributed to career prospects and salary for one’s

future job – are positively associated with the outcomes. On the other hand, personal

traits suggesting lower competitiveness and higher social mindedness and altruism – such

as the high value attached to culture and free time in one’s future job and participation in
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volunteering activities – are negatively related to the outcomes. A higher social status and

a higher level of education of the two parents are associated both with a higher probability

of graduating from a STEM major and with greater maths content of the college course.

The association is stronger for parents with a STEM college degree and stronger for the

father than for the mother. None of variables measured at the municipality of residence

upon enrolment is significant in predicting the outcomes.

Given the estimate of the gender gap in the outcome β̂1, in order to identify and

discuss the contributions of each of the five groups of variables – pre-college education,

personal traits, family characteristics, social background and the supply of higher edu-

cation – I adopt the conditional decomposition suggested by Gelbach (2016). Given the

equation of the base model:

yimτt = β̃0 + β̃1Fi + εimτt [2]

which gives the gender gap that we intend to decompose, Gelbach suggests a decompo-

sition of the difference between the coefficients in the base model and the coefficient in

the full model of equation [1], (
ˆ̃
β1 − β̂1), given by the omitted variable bias formula: the

difference is expressed as the product of the coefficient of each covariate in the full regres-

sion and the coefficient of a regression of the covariate on the female dummy. Thus, for

each variable, we obtain a parameter measuring its contribution in explaining the gender

gap, which is the female-male gap in the variable scaled by its STEM graduation/maths-

intensity equation impact. Whether variation in a variable increases or reduces the gap

depends on whether the covariate has a positive effect on the outcome and on whether

the covariate has a higher mean for females or for males; thus, the Gelbach decomposition

gives a very useful and intuitive way of interpreting the contribution of each covariate in

explaining the gender gap.

Table 3 reports the results from this decomposition of the coefficients of both the

gender gap in STEM graduation and of the maths intensity of the university course. In

columns (1) and (4) – respectively for the two outcomes – I report results from the estima-

tion of a model where the high school curriculum is included in two categories: technical

or scientific versus humanities. The high school track here explains approximately 18%
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of both outcomes. Among the other variables, differences in attitudes and in family char-

acteristics each account for 2 to 4% of the gender gaps, while all the remaining variables

together account for less than 1%.

In columns (2) and (5), I present results from a model in which I adopt a finer classi-

fication of the high school curriculum, which is the variable with the highest explanatory

power. Within the humanities track, we can distinguish paths with a focus on classics,

foreign languages, education or art; within the technical path, we can distinguish a group

of tracks with a focus on business, tourism or agriculture (non-STEM) and another with

a focus on industrial construction and preparation for surveyors (STEM). When the indi-

cators for the 8 different high school tracks are included, this group of variables explains

almost half (48%) of the gender gap in STEM graduation and almost 1/3 of the gap in

maths intensity, while the role played by other groups of variables remains stable.

Next, I exploit the very detailed information on the secondary education institution

attended by each student. I can distinguish approximately 5,500 different high schools

attended by students in my sample. Some Italian high schools offer only one curriculum,

while other larger ones can offer many different paths; thus, in the end, I have more than

11,000 school-track interactions. By including this information in my model, I am able to

analyse the major choices conditioning not only on having chosen the same high school

track but also on having attended the same secondary education institution. The results

are presented in columns (3) and (6). Including the full set of school-track dummies leaves

the results almost unchanged; thus, very little is due to differences in the characteristics

of schools attended by females and males other than their official curriculum.

The results from the Gelbach decomposition of the estimated gap in major choices

indicate overall that, among the observable measured characteristics, the most impor-

tant determinant of the gap is the gender difference in the maths and science content of

students’ high school curriculum. At the age of 14, boys and girls are already making dif-

ferent educational choices, with boys more likely than girls to enrol in high school tracks

that are more intensive in maths and science. Differences in self-reported measures of

students’ personal traits do not appear to play an important role in driving the gender

difference in major choice. As expected, since male and female students come, on average,

from very similar family and social environments, differences in those environments fail to
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explain the gender gap in outcomes. Approximately half of the gap remains unexplained

by differences in observed measured characteristics.

5.1 Oaxaca Decomposition

The analysis based on the estimation of model [1] assumes that the coefficients of the

covariates are the same for females and males. To account for the difference in returns to

the various characteristics, I perform an Oaxaca decomposition of the regression results

from the estimation of the model that includes the high school track in 8 categories. The

male-female difference in the outcome is decomposed in a portion that is ‘explained’ by

group differences in characteristics and the residual portion that cannot be accounted

for by such differences in the determinants of the outcome. The decomposition method

is implemented such that the difference in characteristics is weighted by coefficients for

males, while the difference in coefficients is weighted by characteristics of females.

The results for both outcomes are presented in table 4; all the predictors included in

the regressions are summarised in five groups, as done above. The overall gender gap is

explained in approximately the same proportion by the difference in coefficients and the

difference in characteristics (columns (1) and (4)).

Columns (2) and (5) report the endowment terms for each group of variables: these

are equivalent to the terms of the Gelbach decomposition, with the difference being that

the female-male difference in characteristics is weighted by the male coefficient instead of

the coefficient from the estimation on the pooled sample. The results indicate that the

group of variables that contributes the most to the portion of the gap due to differences

in endowments is the high school curriculum. Females are less represented in schools

with higher returns to STEM/course-maths-intensity and more represented in schools

with lower returns to STEM/course-maths-intensity, and this accounts for approximately

half of the overall gender difference in outcomes. The endowment term related to the

high school performance is positive and relevant in magnitude, indicating that if males

performed as well as females in high school, the gender gap in the outcomes would be

even larger.

Columns (3) and (6) report the coefficient terms for each group of variables. Most

of the overall difference in coefficients is driven by different returns from the high school
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track and final grade: females have lower returns to high school tracks that are positively

related to the choice of a STEM degree or of courses with higher maths content, and lower

returns to a higher high school final grade.

To better understand which factors within each group of variables are driving the

results of the Oaxaca decomposition, I report in table 5 the detailed decomposition for each

variable within the most relevant groups – namely, high school track, family and social

background for the STEM graduation rate and high school track, family characteristics

and attitudes for the maths intensity measure. For both outcomes, most of the difference

in endowments accounted for by the high school track variables is driven by a much lower

rate at which females attend a scientific and a technical STEM high school. On the

other hand, the difference in returns to the high school track is driven only by a lower

probability of choosing a STEM major conditional on having attended a scientific high

school.

The female-male difference in returns to family characteristics (columns (2) and (4))

is mostly accounted for by the variables measuring parents’ occupation: from the full

regression results performed separately for the samples of females and males reported in

the appendix we observe that having a parent – in particular, the father – employed in

a liberal profession has a negative correlation with the probability of choosing a STEM

degree only for males. This result could be due to the fact that the son, not the daughter,

in those families is more likely to follow the profession of the father (or of the mother)

which are typically non-STEM occupations, such as doctors or lawyers.

For the STEM graduation outcome, I look at details for the variables measuring

students’ social background: the most significant term is the difference in the coefficients

of the variable measuring the share of religious marriages. The full regression results

indicate that this variable is negatively correlated with the probability of choosing a

STEM degree for females but positively correlated for males. This result suggests that

in societies that are less gender equal – as measured by at least one of the variables

characterising attitudes towards women in a municipality – the gender gap in the major

choices is even higher.

For the maths intensity of the course, I examine details regarding the role of attitudes

in explaining the gender gap: the most relevant variables are the importance of career
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prospects – valued less by females – and culture – valued more by females. Moreover,

even assuming that females and males give the same value to career prospects, I find that

females have lower probability of choosing a course with higher maths intensity.

5.2 Sub-sample Analysis

In this section, I investigate potential heterogeneity in the results across sub-samples

defined according to the socio-economic status of the students’ family.

The variable on socio-economic status is constructed based on the answers of students

to questions regarding their parents’ last occupation10. Through this step, three different

social groups can be distinguished: low – parents in blue-collar jobs; medium – parents

who are small business owners or low-level white-collar workers; and high – parents who

are directors or owners of businesses with at least 15 workers or who are self-employed in

liberal professions.

Tables 6 and 7 present results from the Gelbach and Oaxaca decompositions, respec-

tively, of the gender gap in STEM graduation rates for the three sub-samples. It emerges

that the lower the socio-economic status is, the higher the raw gender gap, ranging from

16 percentage points for students belonging to the highest social class to 26 percentage

points for students belonging to families where parents are blue-collar workers. This

result is mainly driven by the fact that females’ probability of graduating from STEM

programmes increases with social status while the opposite is true for males – as shown

in table 7 that reports the STEM graduation rates by gender. This evidence may be

consistent with the hypothesis that in families where the parents are employed in liberal

professions the male sons tend to follow the profession of the parents, which are typically

non-STEM professions.

While the gender gap in major choices declines with socio-economic status, the role of

the different groups of variables in explaining the gap does not appear to differ significantly

across the three sub-samples. Table 6 shows that the high school track explains half of

the gap in each sub-sample, and except for high school performance, the other groups

of variables always have negligible roles. The results from the Oaxaca decomposition,

10Following Schizzerotto (1994), the social class of the family refers to the highest between the two
parents.
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presented in table 7, are also fairly homogeneous across the different sub-samples: most

of the unexplained portion of the gender gap is accounted for by lower returns of the high

school track and performance for females.

The role of the high school experience as a main determinant of the different college

choices of males and females is remarkably stable across social classes. This result is not

completely unexpected, considering that the Italian high school system is characterised

by a completely free access, such that a high level of segregation based on socio-economic

status is not expected.

6 Conclusions

Despite the striking reversal of the gender gap in education in industrialised countries in

the past 40 years, women pursue STEM degrees much less than their male peers do.

This paper assesses the relative importance of various explanations for the gender

gap in STEM graduation rates for Italian college graduates. The major choices of stu-

dents graduating from 2010 to 2015 are studied by exploiting a uniquely rich dataset

obtained from the inter-university consortium AlmaLaurea. This dataset allows the mea-

surement of students’ high school experience, their attitudes and aspirations, and their

family background. It is complemented with information on Italian municipalities from

which I obtain measures of a student’s sociocultural background characteristics, and with

data on the local supply of degree programmes.

I evaluate the competing role of the different groups of variables and find that stu-

dents’ high school experience explains up to half of the gender gap in STEM graduation

rates. Most of this is related to educational choices undertaken at an earlier stage, when

young students choose between maths-intensive or humanities-oriented high school tracks.

Young girls are less likely to choose tracks with a focus on maths and technical skills; this

tends to refer, in particular, to the scientific ‘Liceo’ and the technical ‘Istituto’ with a

focus on industrial construction and preparation for surveyors, which are the fields that

ensure the highest returns to STEM enrolment in college. Even conditional on the high

school track choice, a relevant role is played by the different influences of the family and

social backgrounds on the decisions of females and males. Furthermore, my evidence
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demonstrates that females have attitudes suggesting lower competitiveness and higher al-

truism and social mindedness, which are negatively associated with the choice of a STEM

degree, although these differences do not play a substantial role in explaining the gap in

major choice.

By showing that high school track choices explain a large portion of the gender gap

in STEM graduation, my results indicate that in Italy this issue has its roots in a gendered

choice that has already taken place many years before. This finding suggests that the role

of the influence of environmental factors – such as the family – in the different educational

choices of females and males is even greater than can be estimated through this study.

These results have important policy implications. The findings indicate that effec-

tive interventions aimed at increasing girls’ interests in science and technology should

be implemented at an early stage, even in middle school, because the decision made by

girls at 14 years of age will determine to a large extent their future education path and,

consequently, their career and wage.
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Figures and Tables

Figure 1: Gender differences in fields of study

Source: OECD (2015)
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Figure 2: Enrolment gender gap in fields of study

(a) STEM fields

(b) non-STEM fields

Notes: The figure plots the average female-male difference in enrolment probabilities for each group of

university fields of study according to the FOET 1999 definition. Data are made available by the MIUR

and are relative to the 2010/2011 academic year.
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Figure 3: Maths intensity of fields of study

(a) STEM fields

(b) non-STEM fields

Notes: The maths-intensity index is calculated as the percentage of college credits related to maths-

intensive subjects out of the total credits for each field of study, averaged across all courses in a given

field. Data are relative to the courses offered in the academic year 2010/2011.

30



Figure 4: Enrolment gender gap and maths intensity by fields of education

Notes: Each observation is a field of study. The average maths intensity across all courses in a given

field is represented on the x-axis, while the y-axis shows the female-male difference in the probability of

enrolling in each field.
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Figure 5: Enrolment and graduation rates in STEM fields

(a)

(b)

Notes: Enrolment rates (number of students enrolled in STEM fields as a percentage of the total number of

students enrolled) are obtained from MIUR data for students enrolled in an undergraduate or single-cycle

master’s degree between 2003 and 2012 in universities taking part in the AlmaLaurea survey from 2010.

Graduation rates (number of students graduated from STEM fields as a percentage of the total number

of graduates) are obtained from AlmaLaurea data for students who graduated from an undergraduate or

single-cycle master’s degree programme between 2010 and 2015 and who enrolled between 2003 and 2012,

from universities taking part in the AlmaLaurea survey from 2010.
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Figure 6: Municipal variables

(a) Female Mayors (b) Share of Female Councillors

(c) Fertility Rate (d) Share of Religious Marriages

Notes: All variables are measured in 2010. Panel (a) shows in red the municipalities governed by a female

mayor, and panel (b) plots the share of female councillors in the local government at the municipal level.

Both variables are obtained from data on local administrators from the Italian Ministry of the Interior.

Panels (c) and (d) plot respectively the fertility rate – i.e., the ratio of the number of live births to the

number of females aged 15-49 (times 1,000) – and the percentage of religious marriages, both obtained

from the ISTAT Atlante Statistico dei Comuni.
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Figure 7: Supply index

(a) All Courses (b) STEM courses

Notes: The two panels plot the index of supply in 2010, obtained for each municipality by summing the

number of all/STEM-only courses offered in all other municipalities, weighted by the linear distance, the

size of the university offering the course and the percentage of scholarships awarded by each university.
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Table 1: FOET 1999 Classification

Broad fields Fields of Education

1. Education Teacher training and education science

2. Humanities and Arts Arts

Humanities

3. Social sciences, business and law Social and behavioural science

Journalism and information

Business and administration

Law

4. Science, Mathematics and Computing Life sciences

Physical sciences

Mathematics and Statistics

Computing

5. Engineering, Manufacturing and Construction Engineering and engineering trades

Manufacturing and processing

Architecture and building

6. Agriculture Agriculture, forestry and fishery

Veterinary

7. Health and Welfare Health

Social services

8. Services Personal services

Transport services

Environmental protection

Security services

Notes: Source: Fields of Training Manual, European Centre for the Development of Vocational Training

1999
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Table 2: Summary Statistics

Variables Males Females

Observations 184,293 301,057

Mean sd Mean sd

Stem 0.39 0.49 0.17 0.38

Maths intensity 0.41 0.35 0.20 0.25

High School:

Humanities 0.18 0.38 0.47 0.50

Scientific & Technical 0.83 0.38 0.53 0.50

Final grade 80.7 12.4 83.7 12

Attitudes

Enrolment motivation (professional) 0.12 0.33 0.08 0.28

Salary very important 0.57 0.50 0.57 0.50

Career prospects very important 0.66 0.47 0.61 0.49

Stability very important 0.65 0.48 0.75 0.43

Culture very important 0.38 0.49 0.46 0.50

Free time very important 0.26 0.44 0.26 0.44

Volunteering activities 0.21 0.41 0.25 0.43

Family Characteristics

Father education:

Less than HS 0.29 0.46 0.38 0.48

HS 0.46 0.50 0.44 0.50

College non STEM 0.17 0.37 0.13 0.34

College Science 0.02 0.14 0.02 0.12

College Engineering 0.06 0.23 0.04 0.20

Mother education:

Less than HS 0.27 0.45 0.35 0.48

HS 0.51 0.50 0.48 0.50

College non STEM 0.18 0.38 0.14 0.35

College Science 0.03 0.18 0.02 0.15

College Engineering 0.01 0.09 0.01 0.08

Father last occupation:

Blue collar (or never worked) 0.27 0.44 0.31 0.46

Self employed/small business owner 0.19 0.39 0.22 0.42

White collar 0.30 0.46 0.27 0.45

Liberal professions/entrepreneur 0.24 0.43 0.19 0.40

Mother last occupation:

Housewife 0.23 0.42 0.26 0.44

Blue collar 0.28 0.45 0.29 0.45

Self employed/small business owner 0.10 0.30 0.11 0.31

White collar 0.32 0.47 0.29 0.45

Liberal professions/entrepreneur 0.07 0.26 0.06 0.24

Municipality Characteristics

Fertility Rate 39.23 7.19 39.08 7.47

Religious marriages share 0.63 0.19 0.64 0.19

Female mayor 0.08 0.27 0.08 0.27

Share female councillors 0.14 0.10 0.14 0.10

Supply of STEM courses 7.8 16.0 6.9 15.0

Supply of university courses 24.5 49.7 21.7 46.6

Notes: Sample includes 3-year undergraduate or 5-year single-cycle students who enrolled between 2003 and 2011.
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Table 3: Gelbach Coefficient Decomposition

Outcome: STEM Maths intensity

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

Estimated STEM gender gap -0.219*** -0.218***

(0.00333) (0.00228)

HS curriculum:

2 categories -0.0455*** -0.0411***

(0.000386) (0.000348)

8 categories -0.0982*** -0.0681***

(0.00188) (0.00128)

High school fixed effects -0.103*** -0.0753***

(0.00206) (0.00136)

HS performance 0.0116*** 0.0118*** 0.0118*** 0.00885*** 0.00870*** 0.00869***

(0.000209) (0.000212) (0.000212) (0.000160) (0.000158) (0.000158)

Attitudes -0.00373*** -0.00441*** -0.00421*** -0.0114*** -0.0115*** -0.0110***

(7.47e-05) (8.24e-05) (8.10e-05) (0.000164) (0.000165) (0.000160)

Parents -0.00414*** -0.00257*** -0.00231*** -0.00211*** -0.00238*** -0.00204***

(0.000191) (0.000175) (0.000167) (0.000119) (0.000120) (0.000113)

Municipal variables 3.30e-06 -5.87e-05*** -1.30e-05* -6.24e-05*** -8.58e-05*** -3.95e-05***

(9.43e-06) (9.75e-06) (7.47e-06) (1.91e-05) (2.03e-05) (1.53e-05)

Supply 0.00131** 0.00134** 0.00152** 0.00101** 0.00101** 0.00109**

(0.000578) (0.000592) (0.000674) (0.000447) (0.000446) (0.000480)

Cohort fe -8.83e-05*** 0.000110*** 0.000118*** 0.000827*** 0.00104*** 0.00107***

(1.40e-05) (1.49e-05) (1.47e-05) (4.29e-05) (5.35e-05) (5.48e-05)

Municipality FE -0.00281*** -0.00243*** -0.00209** -0.00303*** -0.00281*** -0.00201***

(0.000823) (0.000800) (0.000947) (0.000623) (0.000626) (0.000736)

Full regression coefficient -0.176*** -0.125*** -0.121*** -0.171*** -0.144*** -0.138***

(0.00400) (0.00239) (0.00237) (0.00253) (0.00173) (0.00170)

Observations 485,350 485,350 485,350 485,350 485,350 485,350

R squared 0.143 0.203 0.244 0.235 0.260 0.304

Notes: Decompositions of the gender gap in STEM graduation rate/maths intensity of university courses based on Gelbach (2016).

The sample consists of college graduates who enrolled between 2003 and 2010 and graduated between 2010 and 2015. The dependent

variable is a dummy equal to 1 if the individual graduated from a STEM field in columns (1)-(3) and the maths intensity of the

course of study in columns (4)-(6). Each regression includes the survey year, year of graduation and municipality of residence fixed

effects. The other variables are defined as follows. High school curriculum: 2 dummies for scientific/technical versus humanities

in columns (1) and (4); 8 dummies for classics, education, languages, arts, technical non-STEM, technical STEM, science, and

professional high school track in columns (2) and (5); more than 11,000 identifiers for secondary institution and track attended in

columns (3) and (6). High school performance: 3 dummies for the intervals 60-85, 85-95, and 95-100. Attitudes: dummy=1 if the

motivation to enrol in a course of study is professional versus cultural; dummies=1 if salary/career prospects/stability/culture/free

time is very important versus slightly or not important in a future job; dummy=1 if engaged in volunteering activities. Parent

characteristics: 5 dummies for father/mother’s level of education (less than high school, high school, college non-STEM, college

STEM science, and college STEM engineering); 4 dummies for father’s last occupation (never worked or blue collar, small business

man, white collar, liberal professions); and 5 dummies for mother’s last occupation (housewife, blue collar, small business woman,

white collar, liberal professions). Municipal variables: all variables measured in the municipality of residence in the year of university

enrolment: dummy=1 if the mayor is female, share of female councillors, fertility rate, and share of religious marriages. Supply:

indexes measuring the supply of STEM or overall university courses in the year of enrolment.37



Table 4: Oaxaca Decomposition

Outcome: STEM Maths intensity

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

Overall Endowments Coefficients Overall Endowments Coefficients

Females 0.173*** 0.195***

(0.00252) (0.00189)

Males 0.392*** 0.413***

(0.00262) (0.00210)

Gender Gap -0.219*** -0.218***

(0.00269) (0.00188)

Endowments -0.0987*** -0.0853***

(0.00204) (0.00146)

Coefficients -0.121*** -0.132***

(0.00234) (0.00183)

High School Track -0.109*** -0.0477*** -0.0831*** -0.0405***

(0.00208) (0.00311) (0.00148) (0.00228)

High School performance 0.0177*** -0.0553*** 0.0128*** -0.0389***

(0.000442) (0.00131) (0.000322) (0.000922)

Attitudes -0.00594*** -0.000470 -0.0137*** 0.00981***

(0.000440) (0.00257) (0.000369) (0.00185)

Family Characteristics -0.00104*** 0.0196*** -0.00131*** 0.0107***

(0.000359) (0.00343) (0.000298) (0.00248)

Municipal Variables 4.84e-06 -0.0284* 4.87e-06 -0.00276

(8.56e-06) (0.0157) (8.51e-06) (0.0112)

Supply indexes -3.72e-05 0.00545** -3.80e-05 0.00509***

(4.58e-05) (0.00262) (4.55e-05) (0.00189)

Constant -0.0137 -0.0758***

(0.0171) (0.0121)

Observations 485,350 485,350 485,350 485,350 485,350 485,350

Notes: Oaxaca decompositions of the gender gap in STEM graduation rate/maths intensity of university

courses. The sample consists of college graduates who enrolled between 2003 and 2010 and graduated

between 2010 and 2015. The dependent variable is a dummy equal to 1 if the individual graduated from

a STEM field in columns (1)-(3) and the maths intensity of the course of study in columns (4)-(6). Each

regression includes the survey year, year of graduation and municipality of residence fixed effects. The

other variables are defined as in table 3.
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Table 5: Detailed Oaxaca Decomposition

Outcome: STEM Maths intensity

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

VARIABLES Endowments Coefficients VARIABLES Endowments Coefficients

High School Track Overall -0.109*** -0.0477*** High School Track Overall -0.0831*** -0.0405***

(0.00208) (0.00311) (0.00148) (0.00228)

Education -0.00555*** -0.00178* Education -0.00408*** -0.000618

(0.000940) (0.00102) (0.000726) (0.000755)

Languages -0.00433*** -0.00166** Languages -0.00303*** 0.000279

(0.000723) (0.000844) (0.000622) (0.000693)

Arts 0.00446*** -0.00311*** Arts 0.00233*** -0.00116***

(0.000258) (0.000330) (0.000144) (0.000200)

Technical non STEM -0.000941*** -0.00115* Technical non STEM 0.00150*** -0.00121***

(0.000123) (0.000610) (0.000167) (0.000450)

Technical STEM -0.0651*** -0.00187*** Technical STEM -0.0490*** -0.00213***

(0.00276) (0.000254) (0.00207) (0.000247)

Science -0.0379*** -0.0378*** Science -0.0308*** -0.0357***

(0.00160) (0.00159) (0.00128) (0.00108)

Professional 5.08e-06 -0.000328** Professional -1.11e-05 1.13e-05

(7.61e-06) (0.000161) (8.14e-06) (0.000108)

Family Characteristics Overall -0.00104*** 0.0196*** Family Characteristics Overall -0.00131*** 0.0107***

(0.000359) (0.00343) (0.000298) (0.00248)

Parents education -0.00167*** 0.00613** Parents education -0.00153*** 0.00312

(0.000395) (0.00279) (0.000320) (0.00206)

Parents last occupation 0.000629*** 0.0134*** Parents last occupation 0.000219* 0.00762***

(0.000167) (0.00320) (0.000127) (0.00223)

Municipal Variables Overall 4.84e-06 -0.0284* Attitudes Overall -0.0137*** 0.00981***

(8.56e-06) (0.0157) (0.000369) (0.00185)

Female mayor 1.08e-06 0.000112 Enrolment motivation (professional) -0.00316*** -0.000198

(5.23e-06) (0.000753) (0.000122) (0.000245)

Share female councillors 4.72e-07 0.00235 Salary very important -9.87e-06 1.99e-05

(2.36e-06) (0.00325) (8.62e-06) (0.00137)

Fertility rate 1.35e-06 -0.00842 Career prospects very important -0.00317*** -0.0127***

(4.17e-06) (0.0115) (0.000175) (0.00134)

Share of religious marriages 1.94e-06 -0.0225** Stability very important -0.000852*** 0.00104

(4.97e-06) (0.00974) (0.000175) (0.00179)

Culture very important -0.00512*** 0.0136***

(0.000200) (0.00109)

Free time very important -7.18e-05* 0.00482***

(4.28e-05) (0.000571)

Volunteering activities -0.00129*** 0.00323***

(9.05e-05) (0.000557)

Notes: Details of the Oaxaca decomposition results presented in table 4. The table presents in columns

(1) and (2) the endowment and coefficient terms of the gender gap in STEM graduation for the different

variables within the groups: high school track (8 categories), family characteristics (parents’ education

and parents’ last occupation), and municipal variables (female mayor, share of female councillors, fertility

rate, share of religious marriages). In columns (3) and (4) the table presents the endowment and coeffi-

cient terms of the gender gap in maths intensity of the course of study for the different variables within

the groups: high school track and family characteristics as in the other columns, and attitudes (enrol-

ment motivation, importance of salary/career/stability/culture/free time for future jobs, involvement in

volunteering activities.)
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Table 6: Gelbach Decomposition by Socio-economic Status

Socio-economic status: High Medium Low

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Estimated STEM gender gap -0.158*** -0.229*** -0.264***

(0.00416) (0.00312) (0.00337)

HS curriculum

-0.0424*** -0.0485*** -0.0469***

(0.000539) (0.000451) (0.000463)

-0.0655*** -0.102*** -0.122***

(0.00176) (0.00156) (0.00158)

-0.0661*** -0.107*** -0.130***

(0.00215) (0.00201) (0.00213)

HS performance 0.0125*** 0.0124*** 0.0123*** 0.0123*** 0.0125*** 0.0125*** 0.00771*** 0.00818*** 0.00826***

(0.000316) (0.000312) (0.000309) (0.000309) (0.000314) (0.000315) (0.000403) (0.000427) (0.000432)

Attitudes -0.00333*** -0.00370*** -0.00365*** -0.00375*** -0.00451*** -0.00433*** -0.00457*** -0.00533*** -0.00520***

(0.000137) (0.000145) (0.000148) (9.76e-05) (0.000108) (0.000106) (0.000169) (0.000187) (0.000185)

Parents -0.00265*** -0.00225*** -0.00209*** -0.00362*** -0.00238*** -0.00219*** -0.00244*** -0.00154*** -0.00136***

(0.000487) (0.000467) (0.000454) (0.000172) (0.000145) (0.000137) (0.000114) (9.17e-05) (8.49e-05)

Municipal variables -0.000105** -0.000105*** -6.45e-05 9.13e-05*** 3.33e-05** 8.54e-05*** -5.43e-06 -5.03e-05*** -2.37e-05**

(4.28e-05) (3.98e-05) (4.00e-05) (1.71e-05) (1.42e-05) (2.00e-05) (2.57e-05) (1.71e-05) (1.12e-05)

Supply 0.000589** 0.000579** 0.000621*** 0.000753** 0.000794** 0.00102** 0.000715* 0.000822* 0.000821*

(0.000244) (0.000244) (0.000236) (0.000347) (0.000367) (0.000470) (0.000378) (0.000435) (0.000435)

Cohort fe 0.00226*** 0.00253*** 0.00251*** -0.000176*** 9.70e-06 2.85e-05** -0.00188*** -0.00181*** -0.00167***

(0.000220) (0.000243) (0.000241) (2.14e-05) (1.57e-05) (1.37e-05) (0.000159) (0.000152) (0.000143)

Municipality FE -0.00161** -0.00136* -0.00166 -0.00255*** -0.00220*** -0.00145* -0.00271*** -0.00210*** -0.000272

(0.000751) (0.000729) (0.00118) (0.000642) (0.000609) (0.000862) (0.000793) (0.000778) (0.000983)

Full regression coefficient -0.123*** -0.100*** -0.0993*** -0.184*** -0.132*** -0.128*** -0.214*** -0.140*** -0.134***

(0.00515) (0.00402) (0.00406) (0.00378) (0.00256) (0.00257) (0.00367) (0.00311) (0.00332)

Observations 111,210 111,210 111,210 250,944 250,944 250,944 113,606 113,606 113,606

R squared 0.161 0.196 0.253 0.153 0.215 0.265 0.192 0.264 0.333

Notes: Decompositions of the gender gap in STEM graduation based on Gelbach (2016) for three sub-

samples defined according to the socio-economic status of the students’ family (high/medium/low). For

each sub-sample, three models with different definitions of high school tracks are estimated: 2 dummies

for scientific/technical versus humanities in columns (1),(4) and (7); 8 dummies for classics, education,

languages, arts, technical non-STEM, technical STEM, science, and professional high school track in

columns (2),(5) and (8); more than 11,000 identifiers for the secondary institution and track attended in

columns (3),(6) and (9). The other variables are defined as in table 3.
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Table 7: Sub-sample Analysis: Oaxaca Decomposition

Socio-economic status: High Medium Low

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Overall Explained Unexplained Overall Explained Unexplained Overall Explained Unexplained

Females 0.200*** 0.176*** 0.146***

(0.00410) (0.00236) (0.00198)

Males 0.358*** 0.406*** 0.410***

(0.00368) (0.00252) (0.00331)

Gender Gap -0.158*** -0.229*** -0.264***

(0.00361) (0.00279) (0.00338)

Endowments -0.0590*** -0.0997*** -0.128***

(0.00224) (0.00213) (0.00337)

Coefficients -0.0986*** -0.130*** -0.136***

(0.00398) (0.00271) (0.00375)

High School Track -0.0705*** -0.0335*** -0.112*** -0.0587*** -0.131*** -0.0900***

(0.00223) (0.00400) (0.00205) (0.00469) (0.00323) (0.00820)

High School performance 0.0183*** -0.0462*** 0.0187*** -0.0584*** 0.0126*** -0.0611***

(0.000801) (0.00268) (0.000632) (0.00185) (0.000759) (0.00266)

Attitudes -0.00461*** 0.00248 -0.00549*** -0.00494 -0.00780*** 0.00498

(0.000788) (0.00486) (0.000544) (0.00368) (0.000780) (0.00562)

Family Characteristics -0.00203*** 0.00245 -0.00133*** 0.0126*** -0.00139*** -0.000640

(0.000640) (0.0142) (0.000329) (0.00322) (0.000422) (0.00280)

Municipal Variables -6.90e-06 -0.0542 1.27e-07 -0.0470** -9.15e-06 -0.0267

(2.11e-05) (0.0404) (2.08e-05) (0.0224) (4.30e-05) (0.0338)

Supply indexes -6.84e-05 0.0135* -2.00e-05 0.000599 1.34e-05 0.00944***

(5.98e-05) (0.00695) (4.61e-05) (0.00415) (4.76e-05) (0.00307)

Constant 0.0169 0.0260 0.0280

(0.0437) (0.0239) (0.0354)

Observations 111,210 111,210 111,210 250,944 250,944 250,944 113,606 113,606 113,606

Notes: Oaxaca decompositions of the gender gap in STEM graduation for three sub-samples defined

according to the socio-economic status of the students’ family (high/medium/low).
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A Data Appendix

A.1 The AlmaLaurea Dataset

AlmaLaurea is an inter-university consortium that collects data on students who graduate

from the universities that are part of the consortium. Its original institutional objectives

are twofold: first, to provide member academic institutions with reliable information on

their students by managing a database that collects information on graduates; second, it

aims at facilitating the graduates’ labour market transition by managing a service that

gives firms electronic access to graduates’ curriculum vitae.

Data on graduates are drawn from two different sources: first, academic institu-

tions provide official data on students’ demographic information and on their university

careers. The administrative variables originated from this source are: students’ date of

birth, municipality of birth and of residence at time of university enrolment, high school

attended and final grade, year and course of enrolment in university, university GPA,

date of discussion of the dissertation and graduation grade. Second, upon graduation

students complete a survey providing several pieces of information, among which: family

characteristics, satisfaction from the university experience, level of other skills including

language and IT skills, study experiences abroad, other training experiences, intention to

continue studies, and aspirations about the future career. All these variables form the

dataset referred to as Graduates’ Profile. The historical series of this survey contains data

on graduates’ cohorts from 2004 to 2015. In 2010 an important variable was added to the

dataset, which is the municipality where students resided upon enrolment in the course

of study they graduate from.

With the goal of monitoring graduates’ access to the labour market, AlmaLaurea

follows graduates one, three and five years after graduation. The survey is entitled Grad-

uates’ Employment Conditions and provides information on: graduates’ employment sta-

tus, time span between graduation and first job, effectiveness of the degree for finding

a job, characteristics of the current job including salary, type and location of job, and

satisfaction with the job.

Participation in the survey from universities is voluntary: it implies the payment

of a one-off membership fee and a yearly payment proportional to the total number of
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graduates, in exchange for the services provided by the consortium. Throughout the

years more universities progressively took part in the survey. I will focus on students who

graduated from 2010 to 2015 from the 56 universities surveyed every year in the period

considered. The Italian higher education system in this period was composed of 89 insti-

tutions11, including 11 long-distance-learning institutions, 3 universities for foreigners and

75 traditional universities, both public and private. Figure A1 illustrates the geographical

distribution of the Italian universities (excluding the long-distance-learning institutions)

highlighting those that are in the AlmaLaurea sample. There are important institutions

that are not part of the sample in the period considered: namely, the two most impor-

tant state universities, the technical university and the two major private universities in

a major city in the north-east of the country (Milan); the biggest university in a major

city in southern Italy (Naples); and a very important university in Sicily. In table A1 I

report the distribution of the universities in the population and in the AlmaLaurea sample

across various dimensions. It can be noticed that there are no significant differences in

terms of size or field of study of the courses offered by the institutions. The AlmaLaurea

sample contains no long-distance-learning institutions, while public universities are more

represented.

Overall across all cohorts the AlmaLaurea sample covers approximately 65% of the

population of the Italian college graduates; panel A of table A2 lists the details of the

coverage by type of degree distinguishing undergraduate, single-cycle and master’s de-

grees. Panel B reports the distribution of students across fields of study by gender in the

population and in the sample, and demonstrates that the two distributions are very close.

Once a university takes part in the consortium, it provides administrative informa-

tion on the universe of its graduates. Response rate to the questionnaire at graduation is

very high: between 91 and 93% of students complete the survey each year. Three years

after graduation the response rate is still remarkably high, ranging between 74 and 80%.

In table A3 I report the response rate at graduation and three years after, by graduation

cohort and type of degree.

11Excluding two institutions accredited respectively in 2011 and 2014.
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Figure A1: Map of the Italian higher education system

Notes: The figure plots the 78 (non long-distance-learning) Italian higher education institutions existing

in 2015, by geographical location and distinguishing those not surveyed by AlmaLaurea.
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Table A1: AlmaLaurea Sample: Universities

Distribution of Universities (% over total)

AlmaLaurea sample All Universities

Size (n. students)

<10000 41.07 43.82

10000-20000 21.43 22.47

20000-40000 25 21.35

>40000 12.5 12.36

Type

Long-Distance-Learning 0 12.4

Private 8.93 11.2

Public 91.07 76.41

Courses offered by field

Education 9.6 9.86

Humanities and Arts 14.9 14.08

Social sciences, business and law 16.56 18.08

Science, Maths and Computing 13.58 12.44

Engineering, Manufacturing 12.91 12.68

Agriculture 7.28 7.28

Health and Welfare 13.25 13.15

Services 11.92 12.44

Notes: Data on the population of Italian universities and number of graduates are taken from the Office

of Statistics of the Italian Ministry of Education.
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Table A2: AlmaLaurea Sample: Students

Panel A: Number of students by type of degree

Population AL sample % of population in AL sample

Undergraduate 1,029,077 672,068 0.65

Single cycle 175,342 115,890 0.66

Master’s degree 518,647 337,066 0.65

Total 1,723,066 1,125,024 0.65

Panel B: Distribution of students by gender and field of study (% over total)

Field of study AlmaLaurea sample All Universities

Males Females All Males Females All

Education 0.8 6.0 3.9 0.8 5.8 3.7

Humanities and Arts 9.5 20.3 16.0 8.3 19.2 14.7

Social sciences, business and law 32.2 34.7 33.7 34.9 35.8 35.4

Science, Maths and Computing 10.2 7.7 8.7 9.4 7.9 8.5

Engineering and Manufacturing 29.2 9.9 17.6 29.3 10.4 18.3

Agriculture 2.7 1.6 2.0 2.6 1.6 2.0

Health and welfare 11.8 17.4 15.1 10.6 16.7 14.1

Services 3.7 2.5 3.0 4.0 2.6 3.2

Notes: Data on the population of Italian graduates are taken from the Office of Statistics of the Italian

Ministry of Education.
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Table A3: Response Rate by Graduation Cohort and Type of Degree

Panel A: Response rate at graduation (%)

Year of graduation Type of degree

Undergraduate Single cycle Master Total

2010 92 90 91 0.91

2011 94 91 92 0.93

2012 93 91 90 0.92

2013 93 92 91 0.92

2014 93 93 90 0.92

2015 93 92 91 0.92

Total 93 91 91 92

Panel B: Response rate three years after graduation (%)

Year of graduation Type of degree

Undergraduate Single cycle Master Total

2010 - 78 80 80

2011 - 76 76 76

2012 - 74 75 74

Total - 76 77 77

Notes: The sample consists of all college graduates from the 56 universities surveyed by AlmaLaurea every

year from 2010.
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B Appendix

Table B1: Full Regressions: STEM Graduation Rate

VARIABLES (1) (2) (3) (4) (5) (6) (7) (8) (9)

female -0.176*** -0.125*** -0.121***

(0.00400) (0.00239) (0.00237)

High School track (humanities excluded):

Scientific/Technical 0.156*** 0.236*** 0.127***

(0.00236) (0.00329) (0.00229)

Education -0.0605*** -0.0965*** -0.0682***

(0.00324) (0.00789) (0.00311)

Languages -0.0557*** -0.0660*** -0.0614***

(0.00308) (0.00680) (0.00298)

Arts 0.249*** 0.364*** 0.218***

(0.00802) (0.0141) (0.00838)

Technical non STEM -0.0705*** -0.0526*** -0.0650***

(0.00264) (0.00476) (0.00297)

Technical STEM 0.396*** 0.434*** 0.371***

(0.00424) (0.00574) (0.00878)

Science 0.179*** 0.246*** 0.148***

(0.00226) (0.00431) (0.00247)

Professional -0.0274*** -0.00449 -0.0273***

(0.00479) (0.00918) (0.00519)

School dummies YES YES YES

High school final grade:

85-95 0.0916*** 0.156*** 0.0506*** 0.0930*** 0.152*** 0.0553*** 0.0921*** 0.152*** 0.0557***

(0.00188) (0.00321) (0.00197) (0.00190) (0.00318) (0.00195) (0.00196) (0.00329) (0.00201)

95-100 0.140*** 0.231*** 0.0863*** 0.143*** 0.228*** 0.0923*** 0.143*** 0.231*** 0.0940***

(0.00247) (0.00391) (0.00237) (0.00244) (0.00377) (0.00234) (0.00265) (0.00407) (0.00250)

Attitudes

Enrolment motivation (professional) 0.0190*** 0.0388*** -0.00121 0.0204*** 0.0373*** 0.00293 0.0196*** 0.0355*** 0.00262

(0.00234) (0.00347) (0.00264) (0.00222) (0.00336) (0.00255) (0.00224) (0.00351) (0.00254)

Salary very important 0.00394*** -0.00133 0.00734*** 0.00507*** 0.000155 0.00740*** 0.00445*** -0.00118 0.00722***

(0.00143) (0.00275) (0.00200) (0.00137) (0.00265) (0.00192) (0.00144) (0.00267) (0.00205)

Career prospects very important 0.0127*** 0.0194*** 0.00454** 0.0147*** 0.0212*** 0.00830*** 0.0148*** 0.0222*** 0.00813***

(0.00160) (0.00302) (0.00177) (0.00155) (0.00285) (0.00174) (0.00146) (0.00282) (0.00173)

Stability very important 0.00554*** 0.0161*** -0.00308 0.00623*** 0.0141*** 0.000254 0.00823*** 0.0161*** 0.00221

(0.00156) (0.00250) (0.00213) (0.00149) (0.00236) (0.00209) (0.00141) (0.00240) (0.00194)

Culture very important -0.0205*** -0.0353*** -0.0107*** -0.0277*** -0.0384*** -0.0203*** -0.0282*** -0.0403*** -0.0205***

(0.00140) (0.00289) (0.00141) (0.00138) (0.00281) (0.00138) (0.00135) (0.00286) (0.00139)

Free time very important -0.0237*** -0.0358*** -0.0159*** -0.0214*** -0.0345*** -0.0130*** -0.0195*** -0.0309*** -0.0120***

(0.00153) (0.00268) (0.00167) (0.00151) (0.00256) (0.00167) (0.00156) (0.00274) (0.00175)

Volunteering activities -0.0300*** -0.0400*** -0.0255*** -0.0304*** -0.0370*** -0.0266*** -0.0301*** -0.0369*** -0.0263***

(0.00141) (0.00277) (0.00168) (0.00136) (0.00264) (0.00162) (0.00133) (0.00263) (0.00162)

cont’d
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(1) (2) (3) (4) (5) (6) (7) (8) (9)

Father education (less than HS excluded):

High school 0.0154*** 0.00794** 0.0192*** 0.00885*** 0.00897*** 0.00929*** 0.00779*** 0.00805** 0.00767***

(0.00158) (0.00314) (0.00165) (0.00147) (0.00296) (0.00156) (0.00152) (0.00314) (0.00161)

College non STEM -0.0264*** -0.0571*** 0.00233 -0.0319*** -0.0509*** -0.0138*** -0.0311*** -0.0499*** -0.0139***

(0.00343) (0.00524) (0.00332) (0.00321) (0.00502) (0.00321) (0.00292) (0.00491) (0.00305)

College STEM Science 0.0903*** 0.0752*** 0.102*** 0.0779*** 0.0740*** 0.0806*** 0.0740*** 0.0681*** 0.0781***

(0.00537) (0.00819) (0.00651) (0.00531) (0.00815) (0.00646) (0.00508) (0.00780) (0.00677)

College STEM Engineering 0.152*** 0.167*** 0.139*** 0.135*** 0.156*** 0.115*** 0.129*** 0.150*** 0.110***

(0.00442) (0.00627) (0.00545) (0.00471) (0.00671) (0.00547) (0.00455) (0.00726) (0.00525)

Mother education (less than HS excluded):

High school 0.00876*** -0.00488 0.0151*** 0.00362** 0.000380 0.00553*** 0.00332** 0.00129 0.00439**

(0.00151) (0.00310) (0.00168) (0.00146) (0.00287) (0.00177) (0.00148) (0.00299) (0.00180)

College non STEM 0.0128*** 0.000646 0.0237*** 0.00571** 0.00587 0.00769*** 0.00465* 0.00482 0.00577**

(0.00282) (0.00535) (0.00267) (0.00262) (0.00500) (0.00262) (0.00245) (0.00487) (0.00267)

College STEM Science 0.0906*** 0.0679*** 0.107*** 0.0788*** 0.0709*** 0.0844*** 0.0739*** 0.0671*** 0.0779***

(0.00545) (0.00755) (0.00681) (0.00534) (0.00731) (0.00679) (0.00475) (0.00693) (0.00637)

College STEM Engineering 0.124*** 0.116*** 0.133*** 0.112*** 0.115*** 0.112*** 0.105*** 0.107*** 0.103***

(0.0104) (0.0146) (0.0117) (0.0104) (0.0150) (0.0116) (0.00901) (0.0140) (0.0110)

Father last occupation (blue collar or never worked excluded):

Self-employed/small businessman 0.00398** 0.000862 0.00653*** 0.00424** 0.00466 0.00448** 0.00340** 0.00333 0.00403**

(0.00179) (0.00348) (0.00188) (0.00171) (0.00330) (0.00183) (0.00167) (0.00325) (0.00188)

White collar 0.0118*** 0.00863*** 0.0128*** 0.00890*** 0.00953*** 0.00797*** 0.00792*** 0.00869*** 0.00757***

(0.00176) (0.00300) (0.00217) (0.00174) (0.00287) (0.00214) (0.00175) (0.00303) (0.00213)

Liberal professions/white collar director/entrepreneur 0.00168 -0.0158*** 0.0153*** -0.00133 -0.0131*** 0.00816*** -0.00166 -0.0141*** 0.00764***

(0.00214) (0.00375) (0.00278) (0.00212) (0.00357) (0.00274) (0.00216) (0.00360) (0.00290)

Mother last occupation (housewife excluded):

Blue collar -0.00285 -0.00662* -0.000423 -0.00507*** -0.00920*** -0.00292 -0.00659*** -0.0118*** -0.00420**

(0.00179) (0.00358) (0.00201) (0.00173) (0.00343) (0.00196) (0.00168) (0.00348) (0.00197)

Self-employed/small businessman 0.000380 -0.0160*** 0.0108*** -0.000774 -0.0128*** 0.00656** -0.000416 -0.0105** 0.00556**

(0.00247) (0.00449) (0.00285) (0.00234) (0.00420) (0.00272) (0.00235) (0.00428) (0.00275)

White collar 0.00573*** -0.00811** 0.0159*** 0.00198 -0.00949*** 0.0100*** 0.000626 -0.0106*** 0.00866***

(0.00192) (0.00384) (0.00242) (0.00185) (0.00364) (0.00238) (0.00183) (0.00362) (0.00240)

Liberal professions/white collar director/entrepreneur -0.0109*** -0.0222*** -0.000139 -0.0134*** -0.0221*** -0.00605* -0.0133*** -0.0201*** -0.00748**

(0.00286) (0.00511) (0.00351) (0.00281) (0.00487) (0.00355) (0.00268) (0.00520) (0.00337)

Municipal Variables

Female mayor 0.00519 0.00516 0.00456 0.00317 0.00361 0.00284 0.00367 0.00218 0.00496

(0.00546) (0.0105) (0.00439) (0.00527) (0.00949) (0.00434) (0.00515) (0.00887) (0.00455)

Share female councillors 0.00325 -0.00894 0.0140 0.00514 0.00182 0.0121 0.00531 0.00540 0.00940

(0.0170) (0.0250) (0.0179) (0.0165) (0.0235) (0.0175) (0.0169) (0.0246) (0.0175)

Fertility rate 0.000117 0.000371 -5.75e-06 0.000170 0.000421 8.24e-05 0.000128 0.000489* 3.49e-05

(0.000150) (0.000288) (0.000166) (0.000144) (0.000273) (0.000160) (0.000144) (0.000284) (0.000163)

Share of religious marriages 0.000826 0.0258* -0.0108 -0.00362 0.0189 -0.0142* -5.30e-05 0.0264* -0.0132

(0.00766) (0.0147) (0.00851) (0.00742) (0.0141) (0.00825) (0.00738) (0.0144) (0.00832)

Supply of STEM courses -0.00379 -0.00589*** -0.00242 -0.00410 -0.00566*** -0.00290 -0.00373 -0.00601** -0.00279

(0.00252) (0.00225) (0.00348) (0.00253) (0.00212) (0.00337) (0.00286) (0.00240) (0.00338)

Supply of university courses 0.000776 0.00127* 0.000503 0.000865 0.00123* 0.000608 0.000677 0.00132* 0.000467

(0.000744) (0.000726) (0.00109) (0.000748) (0.000668) (0.00106) (0.000820) (0.000692) (0.00106)

Observations 485,350 183,588 300,787 485,350 183,588 300,787 485,350 181,294 299,321

R-squared 0.143 0.142 0.086 0.203 0.211 0.135 0.244 0.270 0.181

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

Notes: The sample consists of college graduates who were 18 between 2003 and 2010 and who graduated

between 2010 and 2015. The dependent variable is a binary variable equal 1 if the individual graduated

from a STEM field. Each regression includes the survey year, year of graduation and municipality of

residence fixed effects.
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Table B2: Full Regressions: Maths Intensity of University Courses

VARIABLES (1) (2) (3) (4) (5) (6) (7) (8) (9)

female -0.171*** -0.144*** -0.138***

(0.00253) (0.00173) (0.00170)

High School track (humanities excluded):

Scientific/Technical 0.141*** 0.207*** 0.117***

(0.00150) (0.00273) (0.00141)

Education -0.0363*** -0.0710*** -0.0449***

(0.00239) (0.00593) (0.00226)

Languages -0.0257*** -0.0457*** -0.0308***

(0.00264) (0.00599) (0.00250)

Arts 0.146*** 0.191*** 0.133***

(0.00475) (0.00855) (0.00509)

Technical non STEM 0.0776*** 0.0945*** 0.0802***

(0.00262) (0.00427) (0.00286)

Technical STEM 0.286*** 0.329*** 0.242***

(0.00308) (0.00422) (0.00606)

Science 0.137*** 0.200*** 0.107***

(0.00164) (0.00323) (0.00160)

Professional 0.00632* 0.0168** 0.0130***

(0.00358) (0.00692) (0.00367)

School dummies

High school final grade:

85-95 0.0676*** 0.111*** 0.0402*** 0.0662*** 0.107*** 0.0400*** 0.0656*** 0.107*** 0.0403***

(0.00127) (0.00231) (0.00128) (0.00131) (0.00229) (0.00132) (0.00135) (0.00245) (0.00133)

95-100 0.109*** 0.168*** 0.0736*** 0.107*** 0.164*** 0.0730*** 0.107*** 0.166*** 0.0738***

(0.00169) (0.00291) (0.00160) (0.00172) (0.00287) (0.00164) (0.00190) (0.00325) (0.00171)

Attitudes

Enrolment motivation (professional) 0.0833*** 0.0834*** 0.0808*** 0.0841*** 0.0833*** 0.0818*** 0.0822*** 0.0804*** 0.0815***

(0.00190) (0.00242) (0.00237) (0.00187) (0.00237) (0.00234) (0.00184) (0.00235) (0.00234)

Salary very important 0.00396*** 0.00203 0.00473*** 0.00465*** 0.00316* 0.00459*** 0.00462*** 0.00209 0.00509***

(0.00114) (0.00183) (0.00153) (0.00112) (0.00177) (0.00152) (0.00116) (0.00179) (0.00160)

Career prospects very important 0.0452*** 0.0546*** 0.0362*** 0.0444*** 0.0538*** 0.0362*** 0.0428*** 0.0529*** 0.0343***

(0.00118) (0.00208) (0.00131) (0.00114) (0.00199) (0.00128) (0.00104) (0.00198) (0.00125)

Stability very important -0.00806*** -0.00630*** -0.00978*** -0.00840*** -0.00787*** -0.00861*** -0.00644*** -0.00548*** -0.00720***

(0.00102) (0.00177) (0.00138) (0.000976) (0.00173) (0.00133) (0.000928) (0.00168) (0.00126)

Culture very important -0.0456*** -0.0638*** -0.0336*** -0.0474*** -0.0640*** -0.0362*** -0.0462*** -0.0630*** -0.0348***

(0.000988) (0.00220) (0.000922) (0.000948) (0.00213) (0.000927) (0.000932) (0.00213) (0.000963)

Free time very important -0.0214*** -0.0311*** -0.0145*** -0.0212*** -0.0313*** -0.0139*** -0.0187*** -0.0276*** -0.0122***

(0.00103) (0.00189) (0.00116) (0.00102) (0.00186) (0.00118) (0.00104) (0.00194) (0.00121)

Volunteering activities -0.0258*** -0.0343*** -0.0216*** -0.0253*** -0.0326*** -0.0210*** -0.0247*** -0.0318*** -0.0205***

(0.00104) (0.00212) (0.00103) (0.00102) (0.00207) (0.00101) (0.00103) (0.00209) (0.00104)

cont’d
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(1) (2) (3) (4) (5) (6) (7) (8) (9)

Father education (less than HS excluded):

High school 0.0111*** 0.00884*** 0.0118*** 0.0108*** 0.0120*** 0.0100*** 0.00924*** 0.0106*** 0.00800***

(0.00113) (0.00224) (0.00115) (0.00108) (0.00217) (0.00112) (0.00111) (0.00231) (0.00115)

College non STEM -0.0206*** -0.0399*** -0.00133 -0.0174*** -0.0310*** -0.00412* -0.0184*** -0.0329*** -0.00553***

(0.00296) (0.00463) (0.00232) (0.00259) (0.00434) (0.00211) (0.00231) (0.00426) (0.00200)

College STEM Science 0.0413*** 0.0389*** 0.0440*** 0.0424*** 0.0445*** 0.0403*** 0.0387*** 0.0393*** 0.0378***

(0.00450) (0.00695) (0.00469) (0.00432) (0.00681) (0.00456) (0.00379) (0.00644) (0.00438)

College STEM Engineering 0.0985*** 0.108*** 0.0899*** 0.0972*** 0.109*** 0.0857*** 0.0916*** 0.102*** 0.0808***

(0.00331) (0.00482) (0.00368) (0.00332) (0.00506) (0.00354) (0.00307) (0.00514) (0.00343)

Mother education (less than HS excluded):

High school 0.00228** -0.00438** 0.00529*** 0.00340*** 0.00168 0.00447*** 0.00312*** 0.00283 0.00375***

(0.000989) (0.00207) (0.00105) (0.000963) (0.00199) (0.00107) (0.000974) (0.00206) (0.00108)

College non STEM 0.00425** -0.000509 0.00962*** 0.00702*** 0.00802** 0.00780*** 0.00578*** 0.00647* 0.00655***

(0.00209) (0.00377) (0.00200) (0.00182) (0.00348) (0.00189) (0.00165) (0.00336) (0.00185)

College STEM Science 0.0524*** 0.0432*** 0.0589*** 0.0552*** 0.0520*** 0.0568*** 0.0505*** 0.0471*** 0.0529***

(0.00394) (0.00523) (0.00469) (0.00370) (0.00508) (0.00446) (0.00319) (0.00470) (0.00416)

College STEM Engineering 0.0777*** 0.0792*** 0.0788*** 0.0778*** 0.0848*** 0.0744*** 0.0723*** 0.0775*** 0.0684***

(0.00637) (0.00869) (0.00749) (0.00604) (0.00863) (0.00717) (0.00514) (0.00833) (0.00655)

Father last occupation (blue collar or never worked excluded):

Self-employed/small businessman 0.0127*** 0.0111*** 0.0143*** 0.0136*** 0.0139*** 0.0138*** 0.0123*** 0.0140*** 0.0120***

(0.00127) (0.00253) (0.00129) (0.00126) (0.00245) (0.00131) (0.00126) (0.00249) (0.00133)

White collar 0.0102*** 0.0100*** 0.00939*** 0.0104*** 0.0120*** 0.00893*** 0.00932*** 0.0114*** 0.00791***

(0.00115) (0.00213) (0.00131) (0.00116) (0.00208) (0.00134) (0.00118) (0.00229) (0.00132)

Liberal professions/white collar director/entrepreneur 0.00754*** -0.00130 0.0150*** 0.00822*** 0.00220 0.0135*** 0.00727*** 0.00176 0.0120***

(0.00142) (0.00272) (0.00180) (0.00143) (0.00259) (0.00184) (0.00149) (0.00260) (0.00198)

Mother last occupation (housewife excluded):

Blue collar -0.00110 -0.00192 -0.000787 -0.00142 -0.00233 -0.00129 -0.00199* -0.00390* -0.00124

(0.00121) (0.00237) (0.00128) (0.00119) (0.00230) (0.00126) (0.00114) (0.00229) (0.00127)

Self-employed/small businessman 0.00275* -0.00890*** 0.0100*** 0.00322** -0.00594** 0.00884*** 0.00397** -0.00350 0.00846***

(0.00164) (0.00308) (0.00185) (0.00158) (0.00296) (0.00179) (0.00156) (0.00305) (0.00181)

White collar 0.000641 -0.00747*** 0.00668*** 0.000706 -0.00634** 0.00581*** 0.000520 -0.00591** 0.00521***

(0.00130) (0.00263) (0.00140) (0.00129) (0.00259) (0.00136) (0.00126) (0.00263) (0.00138)

Liberal professions/white collar director/entrepreneur -0.00758*** -0.0172*** 0.00119 -0.00731*** -0.0155*** -0.000504 -0.00778*** -0.0141*** -0.00252

(0.00213) (0.00373) (0.00245) (0.00208) (0.00369) (0.00237) (0.00204) (0.00418) (0.00226)

Municipal Variables

Female mayor 0.00888 0.0104 0.00703 0.00843 0.00964 0.00722 0.00692 0.00717 0.00704

(0.00589) (0.00903) (0.00469) (0.00574) (0.00843) (0.00482) (0.00533) (0.00789) (0.00460)

Share female councillors 0.0121 0.00555 0.0199* 0.0127 0.0103 0.0186* 0.0120 0.0141 0.0165

(0.0112) (0.0180) (0.0113) (0.0111) (0.0175) (0.0113) (0.0113) (0.0180) (0.0114)

Fertility rate 5.36e-05 8.37e-05 4.64e-05 7.57e-05 0.000101 8.70e-05 1.81e-05 0.000123 3.46e-05

(0.000101) (0.000198) (0.000111) (9.91e-05) (0.000193) (0.000109) (9.81e-05) (0.000199) (0.000109)

Share of religious marriages -0.00686 0.00319 -0.0111** -0.00860* 0.000272 -0.0123** -0.00470 0.00323 -0.00942*

(0.00517) (0.0102) (0.00549) (0.00507) (0.00992) (0.00542) (0.00502) (0.0101) (0.00545)

Supply of STEM courses -0.00422*** -0.00644*** -0.00259 -0.00408** -0.00621*** -0.00235 -0.00360* -0.00596*** -0.00211

(0.00162) (0.00142) (0.00227) (0.00169) (0.00136) (0.00230) (0.00195) (0.00159) (0.00236)

Supply of university courses 0.00102** 0.00160*** 0.000644 0.000978** 0.00155*** 0.000541 0.000792 0.00146*** 0.000417

(0.000448) (0.000467) (0.000666) (0.000465) (0.000431) (0.000672) (0.000523) (0.000463) (0.000681)

R-squared 0.143 0.142 0.086 0.203 0.211 0.135 0.244 0.270 0.181

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

Notes: The sample consists of college graduates who were 18 between 2003 and 2010 who graduated

between 2010 and 2015. The dependent variable is the maths intensity index of the course of study. Each

regression includes the survey year, year of graduation and municipality of residence fixed effects.
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