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Resumo

Esta dissertacdo aperfeicoa a compreensao das dinamicas complexas entre o mercado
de trabalho e as decisoes de estudo em Portugal, estimando os prémios salariais associados a
varias areas de estudo e explorando como esses prémios influenciam a procura educacional.
Este estudo investiga os fatores que influenciam a escolha de cursos de ensino superior, com
um foco particular no impacto dos prémios salariais na tomada de decisao. O estudo utiliza
regressoes salariais Mincerianas para estimar os prémios salariais, com base em dados dos
'Quadros de Pessoal'. Além disso, avalia uma medida indireta da procura por areas de estudo
através das notas médias dos ultimos classificados no processo de sele¢iao nacional, utilizando
dados da DGES. Os resultados revelam varia¢Ges salariais significativas entre diferentes areas
e indicam que prémios salariais mais altos estdo associados a uma maior procura. Apesar de
algumas limitagdes dos dados, os resultados oferecem insights valiosos sobre como os incen-
tivos econémicos afetam as escolhas no ensino superior. Os resultados indicam que os cam-
pos de estudo com prémios salariais mais elevados tendem a ser mais atrativos, sugerindo
que os estudantes sao influenciados pela perspetiva de maiores ganhos futuros ao seleciona-
rem os seus cursos de ensino superior. Isso demonstra uma clara aten¢do as condi¢des do
mercado de trabalho, com foco nos potenciais retornos econémicos. Contudo, de forma

surpreendente, a taxa de desemprego nao se revela um fator determinante nas suas escolhas.

Cédigos-JEL: 121, 126, 24, J31

Palavras-chave: Retorno a educagao; prémio salarial; capital humano; ensino supetrior;

tomada de decisao em educacio; selecao do curso.
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Abstract

This dissertation enhances the understanding of the intricate dynamics between the
labour market and study decisions in Portugal by estimating wage premiums associated with
various fields of study and exploring how these premiums influence educational demand. It
investigates the factors influencing the selection of higher education courses, with a partic-
ular focus on the impact of wage premiums on decision-making. The study employs Mincer-
ian wage regressions to estimate wage premiums using data from 'Quadros de Pessoal'. Ad-
ditionally, it assesses an indirect measure of study field demand through the average grades
of the last admitted individuals in the national selection process, using data from DGES. The
findings reveal significant wage variations across different fields and indicate that higher wage
premiums are associated with increased demand for study fields. Despite some data limita-
tions, the results provide valuable insights into how economic incentives affect higher edu-
cation choices. The results indicate that fields of study with higher wage premiums tend to
be more attractive, suggesting that students are influenced by the prospect of greater future
earnings when selecting their higher education courses. This demonstrates clear attention to
labor market conditions, with a focus on potential economic returns. However, surprisingly,

the unemployment rate does not prove to be a determining factor in their choices.

JEL-codes: 121, 126, J24, ]31

Key-words: Returns to education; wage premium; human capital; higher education;

decision-making in education; course selection.
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Chapter 1. Introduction

There has been a growing trend of higher education graduates in Portugal in recent
decades. There is a clear objective of improving the qualifications of the Portuguese, as it is
assumed that education plays a crucial role as a driver of individual prosperity and as a cata-
lyst for broader societal progress (Alves et al., 2010).

So, education should have social returns but also private returns. Becket's analysis of
Human Capital assumes that more education leads to higher productivity and, consequently,
a higher wage. Becker argues that individuals make decisions about investing in education
based on an assessment of their age-earnings profile (Becker, 1962, 1993). In contrast,
Spence put forward the idea of education as a signalling device. According to Spence’s sig-
nalling theory, education might appear to be productive but does not really influence the
productive efficiency. Employers use educational qualifications as a screening tool for work-
ers, making it beneficial for individuals with high abilities to pursue advanced education, as
the signal attached to it pays off (Spence, 1973). Therefore, in both Spence's signalling theory
and Becker's human capital theory, the analysis of future wage benefits plays a crucial role in
making decisions about individual investment in education.

Thus, if an individual's decision regarding whether to invest further in education de-
pends on financial characteristics, then the decision on what type of education to invest in
should also depend on these characteristics, as it will also affect the age-earnings profile.

Therefore, it would be interesting to find out whether students really consider the
impact on age-earnings profile when choosing a higher education course.

There is literature that addresses the choice of a higher education course, where in-
come prospects are considered as a decisive factor in the decision. To the best of my
knowledge, the literature on Portugal is constrained not only by the number of existing stud-
ies but also by the nature of its methodology, predominantly relying on small sample case
studies. For instance, a study conducted with a sample of students from courses in the Busi-
ness Sciences Area at the Escola Superior de Tecnologia e Gestiao do Instituto Politécnico
de Portalegre concluded that finding a well-paid job is cited as one of the main reasons why
the sample entered higher education (José, 2005). Another example can be given about a
study with a sample of students from Lisbon and Setibal where it was concluded that job
prospects or career progression are one of the main reasons for choosing the current course.

Although little mentioned, the professional opportunities of the degree and the base wage



in the area for recent graduates were also mentioned as reasons for choosing the course
(Patricio, 2020).

Thus, the evolution of the wage premium could, in theory, influence the choice of a
higher education course. Therefore, this dissertation probes whether individuals, when
choosing higher education areas, factor in the potential impact on their age-earnings profile.

This research is primarily positioned within the field of Labour Economics, contrib-
uting to the field by exploring the relationship between the decision to invest in education
and the expected return. This research also aims to contribute to the extension of the litera-
ture on the process of choosing a higher education course in Portugal. Furthermore, through
the simultaneous estimation of the wage premium by study field and the assessment of its
impact on the demand for higher education study fields, this dissertation seeks to provide a
new perspective to the literature by offering a more quantitative analysis, not focused only
on interviews with reduced samples.

This dissertation is organized into seven main chapters, beginning with Chapter 1,
which serves as the introduction. Chapter 2 provides a thorough literature review, exploring
Becker’s Human Capital Theory, Spencer’s Signalling Theory, the application of the Mincer
equation to estimate wage premiums, as well as the factors that influence the choice of a
higher education course and institution. Chapter 3 focuses on the context of higher educa-
tion in Portugal, examining the qualifications of the Portuguese population and the structure
of the Portuguese Higher Education System. Chapter 4 looks into the data and statistics,
offering an in-depth analysis of the 'Quadros de Pessoal' and the data provided by DGES
regarding the General Access Regime. In Chapter 5, the methodology employed in this re-
search is outlined, focusing on the analysis of wage premiums by study field and the demand
for study fields. Chapter 6 presents the results of the study, followed by a discussion of the
findings. Finally, Chapter 7 concludes the dissertation with a summary of the key insights

and implications of the research.



Chapter 2. Literature review

2.1 Becker’s Human Capital Theory

Gary Stanley Becker’s work on the topic of “human capital” started in the 1960s
when the use of this term was still criticized. Becker (1962) defined investment in human
capital as any activity that affects real income in the future by integrating resources into peo-
ple. Individuals can invest in their own human capital, and this decision can be evaluated
using economic methods that are often employed to analyse financial investments with a
forward-looking perspective. (Weiss, 2015).

According to Becker (1993), the two most crucial investments in human capital are
education and training. Becker’s studies showed that attending high school and college in the
US significantly increases one's income, even after deducting the direct and indirect expenses
of education and accounting for the superior ability and better backgrounds of those with
higher education. Becker (1993) also states that on-the-job training plays a crucial role in the
significant rise in earnings that occurs as workers gain more experience in their jobs. A key
element of Becker’s theory is that human capital investments tend to respond rationally to
benefits and costs. Similarly to investments in physical capital, wealth-maximizing individuals
only invest in human capital when the expected return from that investment is higher than
the market interest rates (Fleischhauer, 2007).

Becker’s analysis of human capital states that education increases earnings, but also
productivity, mostly by supplying knowledge, skills, and a method of analysing issues. Becker
(1993) recognizes an alternative view that says that schooling does not improve the produc-
tivity much but denies that view saying that this credentialism exists, but it does not account
for the majority of the positive correlation between education and earnings.

Human capital theory has gained popularity in public policy and it has become an
accepted metaphor for the relationship between education, work, productivity and earnings
(Marginson, 2019). However, this theory has also been faced with criticism. Despite acknowl-
edging some valid concerns, Tan (2014) concludes that it remains a robust theory. Im-
portantly, he says that critics have yet to propose a compelling alternative model for guiding

educational policies.

2.2 Spencer’s Signalling Theory

Spence (1973) provided a recognized alternative to the human capital theory: the



signalling theory. It distinguishes itself from the human capital theory by suggesting that
educational achievements may serve as a signalling device, even if education per se does not
enhance productivity. Despite the differences, both models try to explain the positive relation
between education and wages. In both models, economic agents behave in similar ways: a)
people choose to go to school to maximize their lifetime resources, and b) businesses hire
people as long as their pay are commensurate with their production (Rinne & Zhao, 2010).

The key element of the signalling theory is that a significant part of an employee’s
ability cannot be observed directly by the employer, so it must be signalled through education
(Frazis, 2002). More education is linked to a better income, not because it increases produc-
tivity but because it attests that the worker is suitable for the job. Workers with higher edu-
cation levels are not a random sample, they tend to have characteristics that are appealing to
the firms. Workers anticipate the way firms hire when they are making their education deci-
sions, so, high-ability individuals will still choose to pursue a higher education because they
will still benefit from it. As a result, education can 'sort' workers based on unobservable
attributes (Brown & Sessions, 2004).

Empirical findings indicate that education raises people's wages significantly. How-
ever, there are two possible reasons for this: (1) the human capital theory, which views edu-
cation as an investment that increases productivity, or (2) the screening/signalling theory,
which views education as a sign of one’s innate abilities (Fleischhauer, 2007).

Several authors have empirically compared both theorties, yielding distinct results
about which of the explanations should be given primacy. Arteaga (2018) used evidence from
a reform at a Columbian university and concluded that human capital theory plays an im-
portant role and rejected a pure signalling model. Rohling (1986) performed an application
of the Wilds Test on data from a Canadian survey of people who graduated from community
colleges and universities in 1976 and with that, provided support for the human capital theory
and disregarded the role of screening. The results presented in Rohling’s study contradict the
results of Miller and Volker (1984) that also performed an application of the Wilds Test but
for Australian micro data. Miller and Volker study provides support for the screening/sig-
nalling theory.

Huntington-Klein (2021) argued that these theoties are not mutually exclusive, listing
multiple empirical studies that showed that both human capital and signalling explain a pot-
tion of the returns to education. This emphasizes that these theories are valuable theoretical

tools, but while they are essential for generating hypotheses, they face limitations in providing



clear guidance for real-world scenarios. As a result, they are deemed subpar for understanding

education returns in the real world (Huntington-Klein, 2021).

2.3 Mincer equation to estimate the wage premium

Mincer (1974) proposed a human capital earnings function influenced by the human
capital theory. The human capital earnings function has become a fundamental tool in labour
economics, many studies consider the Mincer equation as a baseline in their research, em-
ploying it as a foundational framework (Bjorklund & Kjellstrom, 2002).

The standard Mincer equation (see equation 1 in the methodology section) is a widely
used model to estimate the wage premium, it relates the logarithm of hourly earnings to
years of schooling, years of work experience, and the square of years of work experience.

As listed by Chiswick (1997) and Lemieux (2000), there are several reasons for the
popularity of the Mincer equation. Firstly, its foundation in a formal model of human capital
investment contributes to its credibility and theoretical underpinning, which provides eco-
nomic meanings for its coefficients. Second, given the positive skewness of wages and the
growing inequality linked to higher levels of education, the equation reduces heteroskedas-
ticity and moves the residuals distribution closer to normal by modelling the natural loga-
rithm of earnings. Furthermore, since income, years of education, and post-school experi-
ence are data frequently easier to get than individual schooling expenditures, the Mincer
equation seems to be an effective use of the data already available. Its adaptability is note-
worthy since it makes it simple to include extra factors that are suited to the particular goals
of the investigation. Also, the Mincer equation is a good tool for evaluating the effect of
human capital investments on wages across various geographical and temporal dimensions
since it makes cross-context comparisons easier. Finally, the equation's simplicity, coupled
with its ability to capture complex relationships, has contributed to its widespread use.

Decades after the formulation of the standard Mincer Equation, it is noteworthy that
many studies still tend to estimate regressions closely aligned with the Mincer equation, high-
lighting its ongoing relevance. To exemplify, recent research studies, like Aratjo and Carneiro
(2023), Andini (2023), Bollinger and Tasseva (2023), and Khan et al. (2023) have continued
to employ and build upon the foundational Mincer equation in their analyses.

Even though the Mincer equation has been widely used and influential, it has some
limitations and critiques. Although Mincer (1974) explored various functional forms for the

earnings equation, the most commonly used is a straightforward linear specification for years



of education. However, this approach may be inaccurate, as Lemieux (2006) points out the
presence of 'credential' effects suggests the return on a year of schooling might be higher at
certain educational milestones compared to other years. However, one of advantages of the
Mincer equation is its flexibility, so, the variable ‘years of schooling’ can be replaced with
dummy variables to represent each level of education.

Another limitation, as said by Patrinos (2010), is the assumption that returns to ex-
perience are the same at all levels of education because real-world experience effects can
vary. The ‘experience’ factor includes on-the-job learning and institutional factors, like firms
adjusting pay to discourage shirking. This complexity makes it challenging to precisely cap-
ture the influence of experience on earnings. Moreover, as stated by Lemieux (2000), the
Mincer equation may either overestimate or underestimate the impact of experience and
education on earnings for certain demographic groups. Lemieux (20006) presents a solution
for this limitation, based on refining the standard Mincer equation, by incorporating higher-
order polynomials of potential experience into the basic model, allowing for greater flexibil-
ity in capturing the relationship between experience and earnings, particularly for demo-
graphic groups such as young workers.

Lemieux (2006) further raises a concern regarding the apparent decrease in the suit-
ability of the standard Mincer human capital earnings function for data analysis during the
1980s and 1990s when compared to the 1960s and 1970s. Nonetheless, the author attributes
this observation primarily to the disparities in the relative supply and demand of educated
labour during those years, rather than inherent flaws within the model itself.

Patrinos (2016) highlights another limitation of the Mincer equation: it fails to fully
account for broader social rates of return associated with education investments. While pri-
vate rates of return are useful, policy decisions often require consideration of social benefits.
However, data limitations and the need for more sophisticated estimation techniques hinder
the integration of these social benefits into the Mincer equation.

Aside from these limitations, the Mincer equation remains a simple and rather accu-
rate approach of modelling the relationship between wages, education, and experience (Bjor-

klund & Kjellstrém, 2002; Lemieux, 2006; Patrinos, 2016).

2.4 Factors influencing the choice of a higher education course and institution
The choice of a higher education course is frequently a challenging decision for

young individuals, as it is made eatly in life when personalities, preferences, and skills are



evolving, and there is often insufficient knowledge about the labour market (Feld & Alves,
2022). The factors influencing the choice of a higher education course and institution can
be broad and complex, involving a mix of personal, social, economic, and academic consid-
erations.

The issue has sparked the interest of numerous researchers worldwide, with studies
such as Sugahara et al. (2008) providing insights for Australia, Bait-Almal (2012) for Libya,
Sabir et al. (2013) for Pakistan, Mishra et al. (2017) for Oman, Aggarwal and Sharma (2018)
for India, Callender and Melis (2022) for England, Sadjail et al. (2022) for the Philippines,
and Feld and Alves (2022) for Brazil. Despite several studies have addressed this issue directly
or indirectly, the literature does not provide a consistent, comprehensive set of choice factors
(Simoes & Soares, 2010). The highlighted factors depend on the specific context of the study;
therefore, this investigation will delve into the literature review and findings of various au-
thors regarding the Portuguese case.

It is important to contextualize the literature review carried out by different authors
on the topic. Patricio (2020) presents a table summarizing the factors influencing the choice
of course and higher education institution listed in the literature. In order to facilitate the
analysis of the factors, they were organized into 4 categories: factors linked to education,
such as academic quality, reputation, and diversity of courses and programs; factors linked
to the family and friends network, such as costs and financial viability, and recommendation
from peers; personal factors, such as personal and professional development, career progres-
sion, gender, and probability of recruitment and entry into the job market; and geographic
factors, such as location of the institution and proximity to home. Patricio (2020) categorized
factors based on how often authors mentioned them, aiming for a comprehensive under-
standing of their relative importance in course selection. It was concluded that factors related
to education are most influential, followed by those related to family networks and friends,
personal factors, and geographic factors, in that order.

In their research, Simdes and Soares (2010) delineated the crucial choice factors for
a higher education institution, drawing from relevant literature and based on their relevance.
These factors include academic reputation, costs, degree diversity, proximity to home and
location, job prospects, facilities, social network influence, potential degree marketability,
program availability, and the quality of education and teaching.

Raposo and Alves (2007) outlines a diverse array of factors mentioned in the litera-

ture that influence student choice in selecting a higher education institution. These factors



can be categorized into three main groups: influence of others, such as influence from
friends or family recommendations; personal and individual factors, such as social life or
safety concerns; and institutional characteristics and perceptions about value and costs, such
as academic reputation, quality of faculty and degrees, availability of degree programs, finan-
cial aid, job prospects, proximity to home, facilities, and accommodation options.

Having reviewed the existing literature regarding the influential factors, we will now
proceed to examine the specific empirical findings of selected studies regarding the Portu-
guese context.

In studies employing research methodologies involving questionnaires with small
sample sizes, especially those targeting specific geographical areas, it is imperative to interpret
findings with caution. For example, José (2005) conducted a study with a sample size of only
116 students enrolled in courses within the Business Sciences Area at the Escola Superior de
Tecnologia e Gestao do Instituto Politécnico de Portalegre. The study analysed students'
main motivations for pursuing higher education. Results showed that about 36% aimed to
enter their desired profession, 31% sought well-paying jobs, and 18% pursued further studies
for intellectual growth. Besides, this study identified key factors influencing course selection:
counselling, career prospects, and field of study. These factors were categorized into two
clusters: Cluster 1, the predominant one, primarily driven by career prospects, where factors
such as job availability and course quality exerted the most influence; and Cluster 2, charac-
terized by atypical preferences and lesser prominence, where family influence played a role.
Notably, only the second cluster cited family influence as a decisive factor, underscoring the
significance of job prospects as the primary motivational driver for course selection. Another
study with a similar methodological constraint is by Patricio (2020), in this study there is a
methodological limitation due to the qualitative study being based on only 20 interviews.

In the study conducted by Tavares and Ferreira (2012), 11.467 students entering Por-
tuguese higher education, from public universities, public polytechnics, and the private sector,
completed a questionnaire regarding their motivations for pursuing higher education and
selecting a specific institution. Students were asked the most important reason why they
chose to attend higher education. The most common response, at 41.4%, was to prepare for
a good career, followed by obtaining a degree at 20.1%. Other reasons included wanting to
have more control over their life (12.5%), aiming for a well-paying job (8.4%), enjoying learn-
ing (8.1%), and wanting a good job (7.6%). Some students also mentioned factors like meet-

ing family expectations, leaving home, inability to find a job, avoiding work, making new



friends, and staying close to existing friends. The significance of these factors varied across
institution types, with polytechnic students prioritizing reasons related to good jobs and sal-
aries more than others. The decision to pursue higher education was also examined through
a gender perspective. Male and female students share similar top reasons for pursuing higher
education, such as career preparation and obtaining a degree. However, females also priori-
tize personal growth reasons, while males focus more on high-paying job opportunities. The
study also examined whether the reasons attracting students to higher education vary based
on their field of study. Notably, there are differences across all study areas regarding the most
important reasons for attending higher education. While "preparing for a career" remained
the top reason overall, "enjoying studying and learning" emerged as the second most im-
portant in Humanities, Secretariat, and Translation. In contrast, fields like Economy, Man-
agement, and Accountancy placed a higher emphasis on "wanting a high-paying job." These
findings underscore the complex interplay of factors influencing students' decisions regard-
ing higher education, highlighting the importance of considering institution type, gender,
and field of study when analysing student motivations.

Considering the significant differences uncovered by Tavares and Ferreira (2012)
across various fields of study, particularly in the importance attributed to career prospects
and salaries, it is reasonable to anticipate that in this research, these disparities will be re-
flected on the influence of wage premiums associated with each field of study on the de-

mand for that particular area of study.



Chapter 3. Higher Education in Portugal

3.1 Qualifications of the Portuguese population

The educational policy in Portugal emphasizes the mandatory level of schooling as
a crucial factor influencing the retention of young individuals in education and delaying their
entry into the job market. Over the past decades, there has been a gradual increase in this
requirement, as evidenced by Sa et al. (2014). Mandatory schooling ceases either upon ob-
taining the diploma from a secondary education course or, irrespective of obtaining a di-
ploma from any level of education, when the student turns 18 during the academic year. This
was solidified in 2009 with the enactment of Law 85/2009, aligning Portugal's educational
standards with those of the OECD.

Over the last few decades there has been a notable improvement in the qualifications
of Portuguese individuals. For example, the illiteracy rate stood at 33.1% in 1960, witnessing
a significant reduction to merely 3.1% by 2021 (Statistics Portugal, 2009) . Table 1, sourced
from Pordata (2024), delineates the distribution of the Portuguese populace according to

their highest attained level of education.

Table 1-Resident population aged between 16 and 89 years old by highest completed
level of education (%)

Educational attainment (%)
No edu- Basic Education Second- Higher
cation | 1st cycle | 2nd cycle | 3td cycle | ary school | education
Year level (ISCED | (ISCED | (ISCED (ISCED | (ISCED 5
(ISCED |1) 1) 2) 3) to 8)
0)
2000 18,0 33,3 16,6 14,4 11,2 0,5
2005 13,6 31,1 15,7 16,7 13,5 9,4
2010 10,6 28,8 14,0 19,4 15,4 11,8
2015 8,1 23,6 10,6 19,9 20,3 17,5
2020 53 20,9 9,5 19,4 24,0 20,9
2021 4,7 20,3 9,2 19,4 24,7 21,7

Source: PORDATA

Table 1 highlights the significant changes in the levels of education achieved by the
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population, reflecting a notable improvement in qualifications. In 2000, 18% of the popula-
tion had no formal education. This figure steadily decreased over the years, reaching 4.7% in
2021. This dramatic decline indicates a successful effort in reducing illiteracy and ensuring
that more individuals have at least some level of formal education. Besides that, the propor-
tion of the population completing secondary education (ISCED 3) rose significantly from
11.2% in 2000 to 24.7% in 2021. However, the most remarkable growth is observed in higher
education attainment (ISCED 5 to 8), which increased from 6.5% in 2000 to 21.7% in 2021.
This indicates a strong shift towards advanced educational qualifications and reflects broader

access to higher education institutions and programs.

3.2 The Portuguese Higher Education System

The Portuguese educational system is structured under the Basic Law of the Educa-
tional System and includes three levels: primary, secondary, and higher education (DGES,
2024).

Portuguese higher education is organized into a binary system that includes both
university education and polytechnic education, offered by public and private institutions. In
Portugal, the university and polytechnic subsystems are mainly differentiated by their ap-
proach to research and development. University education prioritizes research promotion
and knowledge creation, aiming to provide rigorous scientific and cultural preparation along-
side technical training. In contrast, polytechnic education emphasizes applied research and
development, concentrating on practical problem-solving and the application of knowledge
(DGES, 2024).

Most higher education institutions in Portugal are situated in the densely populated
coastal regions. Polytechnics, however, were established as part of a policy to promote local
development, leading to a more balanced distribution across the country. Despite this effort,
there remains some concentration along the coastal areas (Cardoso et al., 2008).

Portuguese higher education institutions have autonomy in scientific, pedagogical,
cultural, and disciplinary domains. This includes setting entry conditions, designing study
programs, establishing evaluation criteria, managing academic regulations, and determining
timelines for administrative processes (DGES, 2024).

Enrolment in the first cycle in the Portuguese public higher education operates under
a numerus clausus system where institutions set annual quotas. Applicants through the Gen-

eral Access Regime must complete secondary education and pass national exams, with
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specifics (number, subjects, minimum grades, weighting schemes) determined by each insti-
tution. Grades from the years of secondary school make up at least 50% of the admission
criteria, with exams contributing at least 35%. Admission through the General Access Re-
gime generally occurs in two phases: the first in July/August and the second in August/Sep-
tember, that uses vacancies remaining after the first phase to accommodate the unsuccessful
applicants and those wishing to change their choices (Cardoso et al., 2008). In addition to
the general regime, there are special competitions tailored for applicants with specific quali-
fications, thereby enabling new groups to access higher education (CRUP, 2024). In the 1%
and 2™ phase the vacancies fixed for each course in each higher education institution are
distributed among a general contingent and priority contingents. There is also a 3rd phase
of the national competition with little vacancies, usually takes place in October, where the
places allocated for each course in each higher education institution are distributed among a
single contingent.

In 2005, reforms to the Basic Law of the Educational System were initiated to align
with the Bologna Process, incorporating the European Credit Transfer System (ECTS) for
study cycles, mobility, and diploma supplements (Eurydice, 2024). The Bologna Process re-
quires European countries to develop several key objectives, such as promoting the European
dimension in higher education, establishing a credit system like the European Credit Transfer
System (ECTS) to facilitate student mobility, and overcoming barriers to the free movement
of students and staff. It also aims to promote European cooperation in quality assurance
through comparable criteria and methodologies, adopt a system of easily readable and com-
parable degrees (David & Abreu, 2017).

The Bologna Process takes its name from the Bologna Declaration, which was signed
in 1999 in Bologna, Italy, by higher education ministers from 29 European countries, includ-
ing Portugal. This declaration marked a significant commitment to harmonizing and reform-
ing higher education systems across Europe to promote mobility, enhance academic quality,
and increase international competitiveness. The Bologna Process aims to harmonize higher
education systems across Europe. Participating countries pledged to adopt a three-cycle sys-
tem encompassing bachelor's, master's, and doctoral studies. They also committed to mutual
recognition of qualifications and study periods abroad, as well as implementing quality as-
surance mechanisms to strengthen the relevance and quality of education.

This system was initiated in 2006 and became fully operational in Portugal in the

academic year of 2009/2010 (DGES, 2024). Since then, the Bologna Process has significantly
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reshaped the Portuguese higher education system. There has been a noticeable increase in
the percentage of the population with higher educational qualifications, rising from 9.4% in
2005 to 21.7% in 2021. These statistics are a direct result of the implementation of the
Bologna Declaration, which restructured higher education into three study cycles — Bache-
lot's, Master's, and Doctorate — that are more concise and adaptable (Gouveia, 2019).

The first cycle typically lasts three years, while the second cycle usually takes one and a half
to two years. In special cases, a combined degree known as an integrated master can be of-
fered, which lasts for five to six years (Cardoso et al., 2008). This framework maintains pre-
vious degree titles but introduces shorter durations for bachelot's degrees compared to pre-
Bologna systems.

David and Abreu (2017) research offers empirical evidence regarding Portuguese
higher education institutions' engagement in the Bologna Process. It highlights an increase
in higher education graduates aligned with EU trends, substantial growth in doctoral pro-
grams (third cycle), and the emergence of numerous highly specialized courses following the

implementation of the Bologna Process.
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Chapter 4. Data and statistics

4.1. Quadros de Pessoal
4.1.1. Data from Quadros de Pessoal

To calculate the wage premium by study field, we will use matched employer-em-
ployee data of the database Quadros de Pessoal. Quadros de Pessoal (QQP) is a database that
combines data from private sector employers and workers in Portugal and is collected by the
Ministry of Labor, Solidarity and Social Security. The data contained in QP is based on a
mandatory response questionnaire conducted annually. It encompasses almost all Portuguese
employees, excluding public administrations and domestic workers. In QP, we can obtain
information regarding workers, enabling an analysis of wage returns to education in the Por-
tuguese private sector. This database contains individual-level data including worker identifi-
cation number, nationality, gender, age, date of employment, tenure in the company, job
category, employment status, contract type, contract duration, educational attainment level,
profession, base wage, regular payments, working hours, along with data pertaining to the
respective employing companies.

The data used in the analysis refers to the period from 2010 to 2021. For the purposes
of this study, a limited set of variables was selected, new variables were generated, and some
observations excluded. To prevent reporting errors that might impact the results, correction
procedures were employed to address any potential issues within the raw dataset. The initial
data processing step involved removing duplicate records, excluding individuals with an un-
likely worker identification number, and maintaining only one observation per worker per
year. Following, observations regarding individuals under 17 years old or over 68 years old
were excluded. Additionally, individuals with educational levels below secondary education
or unspecified educational levels were removed. Furthermore, individuals with PhDs were
also eliminated due to their limited representation in the private sector, as reported by Al-
meida et al. (2017). Observations of individuals working part-time, with a weekly normal
working period of fewer than 30 hours and monthly paid normal hours less than 120 hours,
were also eliminated. The sample was further refined to Portuguese employed workers with
complete base remuneration. Finally, observations with a base wage equal to zero or not
reported were excluded.

In the QP dataset, individual educational attainment is represented as a categorical

variable indicating the highest level of education completed. In terms of study area, the QP
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categorizes workers' training areas based on the CNAEF (National Classification of Educa-
tion and Training Areas). However, in 2017, the Portuguese Superior Statistics Council opted
to adopt the Portuguese version of ISCED 2013 (International Standard Classification of
Education) to replace the CNAEF in all statistical operations necessitating a classification of
education and training areas. As a result, in this analysis distinct variables are generated to
allow analysis according to both the CNAEF and ISCED.

In respect to wages, total wages are defined as the sum of the base wage and other
regular payments. Hourly wages are adjusted for normal working hours, and real wages are
calculated using the Consumer Price Index for each respective year, with 2012 serving as the
base year.

Hence, the final sample presents a total of 11.673.365 observations spanning from

2010 to 2021.

4.1.2. Descriptive statistics of the data from Quadros de Pessoal

The variables of interest are described in detail in Table 15 in Annex A.

The age distribution within the sample reveals a diverse age range. Specifically,
27.76% of individuals are between 17 and 30 years old, indicating a significant representation
of younger adults, including recent graduates and early-career professionals. The largest age
group, comprising 59.37% of the sample, falls between 31 and 49 years old, including mid-
career professionals who are likely well-established in their respective fields. Lastly, 12.87%
of individuals are aged between 50 and 67, representing a smaller segment of late-career
professionals approaching retirement.

The distribution of observations per year from 2010 to 2021 is shown in Table 2.
The data reveals a relatively well-distributed pattern of observations, however with a steady

increase over the years.

Table 2-Number of observations per year

Year of reference Frequency Percentage
2010 804729 6,89
2011 8206418 7,08
2012 803481 6,88
2013 824196 7,06
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2014 863486 7,4
2015 921307 7,89
2016 979324 8,39
2017 1043712 8,94
2018 1112083 9,53
2019 1154250 9,89
2020 1143856 9,8
2021 1196523 10,25
Total 11673365 100

Source: Quadros de Pessoal

Regarding educational level of the final sample, there is a predominant representation
of those with secondary or non-tertiary post-secondary education (57.64%), followed by
individuals holding bachelot's degrees (38.15%), and a less represented cohort of individuals
with master's degrees (4.22%). The gender distribution within each educational level of the
sample is also relatively balanced, although there is a higher proportion of women with bach-
elor's degrees. Among those with secondary education, 51.82% are men and 48.18% are
women. Among those with bachelor's degrees, 43.16% are men and 56.84% are women. And
for individuals with master's degrees, 48.93% are men and 51.07% are women.

In addition to educational level, the distribution by field of study is also a crucial
aspect for understanding the composition of the sample. Table 3 and Table 4 present the
distribution of individuals with higher education across various fields of study, categorized
according to the CNAEF (National Classification of Education and Training Areas) classifi-
cation and the ISCED (International Standard Classification of Education) classification,

respectively.

Table 3-Distribution of Observations of Individuals with Higher Education by
CNAEF Study Field

CNAETF study field CNAEF study field | Fre- Percent-

code quency age

(2 digits)
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Teacher training and education sci- 14 194900 3,94
ences

Arts 21 70734 1,43
Humanities 22 136444 2,76
Social and behavioural sciences 31 335571 6,79
Information and journalism 32 79981 1,62
Business sciences 34 938054 18,97
Law 38 110171 2,23
Life sciences 42 73015 1,48
Physical sciences 44 45990 0,93
Mathematics and statistics 46 54317 1,1
Computer science 48 236265 4,78
Engineering and related techniques 52 822530 16,63
Transforming industries 54 15509 0,31
Architecture and construction 58 93474 1,89
Agriculture, forestry and fisheries 62 44380 0,9
Veterinary sciences 04 22161 0,45
Health 72 549457 11,11
Social services 76 89881 1,82
Personal services 81 29821 0,6
Transport services 84 6372 0,13
Environmental protection 85 17989 0,36
Security services 86 6953 0,14
Unknown or unspecified 99 971447 19,64

Source: Quadros de Pessoal

The distribution in Table 3 highlights the prevalence of ‘Business Sciences’, ‘Engi-
neering and Related Techniques’, and ‘Health’ as major fields of study among individuals
with higher education in the sample. In the other hand, fields such as “Transport Services’,
‘Security Services’, and “Transforming Industries’ represent the smallest portion of the sam-
ple. Additionally, a high proportion of individuals fall into the ‘Unknown or Unspecified’

category.
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Table 4- Distribution of Observations of Individuals with Higher Education by
ISCED Study Field

ISCED study field ISCED study field code | Fre- Per-

(2 digits) quency | centage
Education 01 194900 3,94
Arts and humanities 02 207178 419
Social sciences, journalism and infor- 03 415552 8,4
mation
Business, administration and law 04 104822 21,2

5

Natural sciences, mathematics and sta- 05 173322 3,5
tistics
Information and Communication 06 236265 4,78

b

Technologies (ICTs)

Engineering, manufacturing and con- 07 949502 19,2
struction

Agriculture, forestry, fisheries and vet- 08 66541 1,35
erinary

Health and welfare 09 639338 12,93
Services 10 43146 0,87
Field unknown 99 971447 19,04

Source: Quadros de Pessoal

The distribution in Table 4 once again highlights the significant representation of
fields such as 'Business, administration and law', 'Engineering, manufacturing and construc-
tion' and 'Health and welfare'. Similarly to the CNAEF classification, the 'Services' sector
demonstrates a relatively minimal representation. However, due to its broader categorization,
ISCED showcases a more balanced distribution, minimizing discrepancies among categoties.
While CNAEF provides a more detailed breakdown, offering deeper insights into educa-
tional trends and workforce composition of the sample, ISCED classification presents more
balanced categories without the risk of overly restrictive classifications with limited repre-
sentation. The detailed field descriptions of CNAEF study fields and ISCED study fields are
presented in the Table 16 and Table 17 in Annex A.
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The final sample is relatively balanced in terms of gender, with 48.4% of the obser-
vations representing men and 51.6% representing women. However, Table 5 and Table 6
show that gender proportions vary significantly across different fields of study. Some fields
are predominantly female-dominated, others are male-dominated, and some are relatively

balanced.

Table 5- Gender Distribution Across CNAEF Study Fields

CNAETF study field CNAETF study field Male Female
code (%) (%)
(2 digits)

Teacher training and education sci- 14 11,67 88,33
ences

Arts 21 40,58 59,42
Humanities 22 22,87 77,13
Social and behavioural sciences 31 29,22 70,78
Information and journalism 32 32,43 67,57
Business sciences 34 42,8 57,2
Law 38 34,21 65,79
Life sciences 42 29,12 70,88
Physical sciences 44 4394 56,06
Mathematics and statistics 46 38,28 61,72
Computer science 48 79,71 20,29
Engineering and related techniques 52 75,70 2430
Transforming industries 54 49,56 50,44
Architecture and construction 58 60,1 39,9
Agriculture, forestry and fisheries 62 55,43 4457
Veterinary sciences 64 30,22 69,78
Health 72 22,52 77,48
Social services 76 8,48 91,52
Personal services 81 30,42 69,58
Transport services 84 74,78 25,22
Environmental protection 85 35,65 64,35
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Security services

86

51,24

48,76

Unknown or unspecified

99

40,5

59,5

Source: Quadros de Pessoal

The gender distribution across CNAEF study fields, as shown in Table 5, reveals

significant variations. Fields such as “Teacher training and education sciences’, ‘Humanities’,

‘Social and behavioural sciences’, ‘Life sciences’, ‘Health’ and ‘Social services’, are female

dominated. On the contrary, ‘Computer science’, ‘Engineering and related techniques’, and

“Transport services’ are male dominated fields. Also, some fields, like “Transforming indus-

tries’ and ‘Security services’ display a rather balanced gender representation.

Table 6-Gender Distribution Across ISCED Study Fields

ISCED study field
code Male | Female
ISCED study field (2 digits) (%) (%)

Education 01 11,67 88,33
Arts and humanities 02 28,92 71,08
Social sciences, journalism and information 03 29,84 70,16
Business, administration and law 04 41,9 58,1
Natural sciences, mathematics and statistics 05 35,92 64,08
Information and Communication Technolo-

gies (ICTs) 06 79,71 20,29
Engineering, manufacturing and construc-

tion 07 72,98 27,02
Agriculture, forestry, fisheries and veterinary 08 47,03 52,97
Health and welfare 09 20,54 79,46
Services 10 40,33 59,67
Field unknown 99 40,5 59,5

Source: Quadros de Pessoal

Similarly, the gender distribution across ISCED study fields, as presented in Table 0,

shows diverse trends. Fields like ‘Education’, ‘Arts and humanities’, ‘Social sciences,
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journalism and information’ and ‘Health and welfare’ are female dominated. On the other
hand, ‘Information and Communication Technologies (ICTs)” and ‘Engineering, manufac-
turing, and construction’ are male dominated. Fields such as ‘Agriculture, forestry, fisheries,
and veterinary’ and ‘Services’ show a more balanced gender distribution. The ISCED study
fields, being less detailed, result in the loss of certain nuances. For example, according to the
CNAEF study fields, “Veterinary Sciences’ is female dominated, while the broader ISCED
category ‘Agriculture, Forestry, Fisheries, and Veterinary’ appears relatively balanced in terms
of gender. Similarly, “Transport Services’, which is male dominated according to the CNAEF
classification, falls under the broader ISCED category ‘Services’, which is relatively balanced
but leans towards a higher female representation. These examples illustrate how the aggre-
gation can conceal specific gender distributions observed in the more detailed CNAEF study
fields.

The gender distribution across CNAEF study fields and ISCED study fields high-
lights the gender-specific trends and preferences within each area of study, already studied
within the literature. These distributions suggest that gender may influence an individual’s
decision when choosing their field of study, reflecting extensive cultural, societal and eco-
nomic factors. For example, Tavares and Ferreira (2012) found that while both males and
females share similar top reasons for pursuing higher education, females also prioritize per-
sonal growth, whereas males are more focused on high-paying job opportunities. These dif-
ferent priorities influence their decisions regarding the choice of study field, so it is expected
that for women, prioritizing personal growth may lead them to consider fields that offer
opportunities for self-development and fulfilment, such as humanities, education, or social
services. On the other hand, men, whose focus is on well-paying job opportunities, may be
more inclined to pursue fields like engineering or computer science which may offer higher
wages.

Turning to the economic outcomes associated with these study field choices, it's es-
sential to consider how wages vary across different study fields but also different educational
levels. Figure 1 and Figure 2 present the real houtly base wage per education level and the

real houtly total wage per education level.
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Figure 1-Real hourly base wage per education level, in euros
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Figure 2-Real hourly total wage per educational level, in euros
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Figure 1 and Figure 2 show that the individuals with secondary or post-secondary

22



education consistently have the lowest hourly wages across the years. From 2010 to 2017,
there was a slight decrease in their wages, followed by a slight increase from 2017 onwards.
Despite this, their wages remain significantly lower compared to those with higher education
degrees. Those with a bachelor’s degree earn higher wages than individuals with only sec-
ondary or post-secondary education. Their wages exhibit a slight decline from 2010, reaching
a low in 2015, and then show a gradual increase towards 2021. Similar to bachelor’s degree
holders, the master’s degree holders’ wages decline from 2010, stabilize around 2015, and
then rise again towards 2021. Strangely, from 2014 to 2017, individuals holding a bachelor's
degree earned more than those with a master's degree. This anomaly is attributed to the lack
of control for age or experience and for the fact that many of the master's degree holders
during this period were post-Bologna master's graduates, meaning they were younger and
had less experience, thus earning less in their early years of employment. So, the data indi-
cates that higher educational qualifications generally lead to higher wages, reflecting the pre-
mium placed on advanced skills and knowledge in the labour market.

Following the discussion of general wage trends associated with different levels of
education, the subsequent analysis focuses on wages according to specific fields of study.
Figure 3 and Figure 4 show the real houtly base wage per CNAEF study area and the real
houtly total wage per CNAEF study.
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Figure 3-Real hourly base wage per CNAEF study area, in euros

14

14 21 22 31 32 34 38 42 44 46 48 52 54 58 62 64 72 76 81 84 85 86 99

| I can of bachelor's degree [ mean of master's degree

Source: Quadros de Pessoal

Figure 4- Real houtrly total wage per CNAEF study area, in euros
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The data from the figures above show that the wages vary significantly between study
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fields. Some study fields have low average base wages: ‘14-Teacher training and education
services’, 21-Arts’, ‘64-Veterinary sciences’, “76-Social Services’ and ‘81-Personal Services’,
with real hourly base wages inferior to 7,5 euros. Not surprisingly, the fields with lower wages
are female dominated. Conversely, some fields show significantly higher average base wages:
34-Business sciences’, ‘38-Law’, ‘46-Mathematics and statistics’, ‘“48-Computer science’ and
‘84-Transport Services’, with real houtly base wages exceeding 10 euros for both bachelor’s
degree holders and master’s degree holders. The wages of the study field “Transport services’
really stand up with base wages around 13 euros, highlighting the value of knowledge and
skills in this sector. Interestingly, “Transport Services’ is the field with the fewest graduates in
the sample and heavily male-dominated.

Figure 5 and Figure 6 show the real hourly base wage per ISCED study field and the
real houtly total wage per ISCED study field.

Figure 5- Real houtly base wage per ISCED study field, in euros
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Figure 6- Real hourly total wage per ISCED study, in euros
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Figures above show that, once again, ISCED study fields, being less detailed, result
in the loss of certain nuances. There is no longer such a substantial variation in salaries be-
tween areas of study. However, the fields with lower wages are ‘1-Education’, ‘2-Arts and
Humanities” and ‘8-Agriculture, forestry, fisheries and veterinary’, female dominated fields.
On the other hand, the higher paying fields are ‘4-Business, administration and law’, ‘6-In-
formation and Communication Technologies (ICTs)’ and “7-Engineering, manufacturing and

construction’ with base wages above 10 euros.

4.2. DGES
4.2.1. Data from DGES regarding the General Access Regime: Public Higher Educa-
tion National Access Selection

The Directorate General for Higher Education (DGES) makes available, every year,
a document with the classifications of those last placed in the general regime of each course
at public universities and public polytechnics.

This dissertation uses the DGES data to estimate the demand by study field. Alt-
hough the demand by study field is not directly quantifiable as a numerical value, it can be

indirectly estimated by calculating the average grade of the last classified individuals through
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the national selection process for higher education courses within each specific study field.
This average grade can then serve as a proxy for estimating the demand for that study field.
Therefore, to fulfil that purpose, there is going to be used data from the period of 2015 to
2021 and only from the 1* phase of the national access selection, as it is considered that the
first phase is enough to highlight the preferences of that year. In this study, data is used solely
from continental Portugal, excluding observations from the Azores and Madeira due to the
unique geographical and socioeconomic factors of those regions.

In the document made available by DGES, there is information about each estab-
lishment and course, the degree of the course, the initial vacancies, the number of individuals
placed, the number of vacancies left for 2* phase and the average grade of the last classified
individuals of each course. For this study, new variables were created, including the study
field, average grade per study field, total vacancies per study field, total vacancies remaining
for the second phase per study field, unemployment propensity per study field, proportion
of women per study field, average wage per study field, and wage premium per study field.
While the variables about the establishment, the course, the degree of the course, the initial
vacancies, the number of individuals placed, the number of vacancies left and the year are
already defined in the original document made available by DGES, the other variables are
extracted from other sources.

The variable of study field is a correspondence between the course and the respective
study field and was made with the help of DGES Course Index by Education/Training Area.
In terms of the variable of study field, the database Quadros de Pessoal categorizes workers'
training areas based on the CNAEF (National Classification of Education and Training Ar-
eas) (2 digits). Since the ISCED study fields (2 digits) are less detailed and result in the loss
of certain nuances, the study field in this database is also defined based on CNAEF (2 digits).

Some adjustments were made to the grades for each course. The original variable,
representing the grade of the last classified for each course doesn’t have a value for courses
that, in that year, didn’t had any candidates placed. So, in these cases, the grade was assumed
to be 95 as an applicant with a grade of 95 would be able to enter that course if they applied,
as 95 is the minimum grade required for most courses. Then, based on this variable, was
created a new variable ‘grade_mean’ that represents the average grade per study field per year.

The variables of total vacancies per study field and total vacancies remaining for the
second phase per study field are created based on the original variables of initial vacancies

per course and number of vacancies left for 2™ phase per course.
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The data for the variable of unemployment propensity per study field was extracted
from the database Brighter Future and is the unemployment rate of recent graduates per
study field.

Additionally, a variable was created to represent the proportion of women compared
to men in each study field, using data from Quadros de Pessoal to calculate this proportion.

The variables of average wage per study field and wage premium per study field were
also calculated using data from Quadros de Pessoal. The wage premium variable is the coef-
ficient of the 'higher_educ' variable from a series of regressions conducted for each study

field and each year.

4.2.2. Descriptive statistics from the data from DGES regarding the General Access
Regime

The variables of interest are described in detail in Table 18 of Annex A.

The dataset contains 7,119 observations from 2015 to 2021, each categorized into
one of the 22 distinct study areas, as indicated by the ‘cnaef_codes_study_area’ variable.

Table 7 provides a detailed frequency distribution of courses across various study

fields from 2015 to 2021.

Table 7-Number of higher education courses per year per CNAEF study fields

Year
Study | CNAEF study | 2015 | 2016 | 2017 | 2018 | 2019 | 2020 | 2021 | Total
Field field

14 | Teacher training | 31 31 29 29 29 29 29 207

and education
sciences

21 Arts 78 79 78 79 80 79 79 552

22 Humanities 65 66 68 68 68 68 69 472

31 Social and be- 65 66 66 66 65 65 65 458

havioural sci-
ences

32 Information 21 21 21 22 22 22 22 151

and journalism
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34 Business sci- 147 146 149 149 148 147 147 | 1,033
ences
38 Law 21 22 21 22 22 22 22 152
42 Life sciences 35 34 34 33 33 33 32 234
44 Physical sci- 29 30 31 31 32 32 31 216
ences
46 Mathematics 12 13 14 15 16 16 16 102
and statistics
48 Computer sci- 27 27 28 27 27 28 30 194
ence
52 Engineering 158 164 161 166 167 171 173 1,16
and related
techniques
54 Transforming 22 22 23 20 21 22 23 153
industries
58 Architecture 41 40 40 38 36 36 36 267
and construc-
tion
62 | Agriculture, for- | 25 26 26 26 24 24 24 175
estry and fisher-
ies
64 Veterinary sci- 9 9 9 9 9 10 10 65
ences
72 Health 97 98 100 102 101 101 101 700
76 Social services 31 31 29 28 28 29 29 205
81 Personal ser- 64 66 66 67 65 63 64 455
vices
84 Transport ser- 3 3 3 3 3 3 3 21
vices
85 Environmental 17 18 18 19 18 18 18 126
protection
86 Security 3 3 3 3 3 3 3 21
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services

Total

1,001

1,015

1,017

1,022 [ 1,017 | 1,021

1,026

7119

Source: DGES

Table 7 illustrates a considerable disparity in the total number of courses available

across various study fields. For instance, study field 34-Business Sciences stands out with

between 146 and 149 courses per year, significantly higher than other fields. This large num-

ber suggests that this field either has a broad curriculum, high student demand, and/or ex-

tensive institutional resources dedicated to it. By contrast, study field 84-Transport Services

and study field 86-Security Services, have the lowest numbers, with only 3 courses per year

each, this indicates that they are niche fields.

Continuing from the analysis of the number of courses, it is essential to examine the

number of vacancies available across these study fields to understand the capacity and de-

mand. Table 8 presents the total number of vacancies by study field and year.

Table 8-Number of vacancies per year per CNAEF study fields

Year
CNAEF study | 2015 2016 2017 2018 2019 2020 2021 Total
field
14 Teacher 1194 | 1219 | 1147 | 1137 | 1114 | 1258 | 1239 8308
training and ed-
ucation sciences
21 Arts 3137 | 3140 | 3123 | 3117 | 3162 | 3387 | 3344 22410
22 Humanities | 2690 | 2718 | 2769 | 2695 | 2734 | 3010 | 3029 19645
31 Social and 3797 | 3856 | 3854 | 3770 | 3746 | 4120 | 4047 27190
behavioural sci-
ences
32 Information | 1012 | 1009 | 1006 | 1020 | 1036 | 1123 | 1114 7320
and journalism
34 Business sci- | 7092 | 7033 | 7088 | 7098 | 7047 | 8107 | 7681 51146
ences
38 Law 1919 | 1899 | 1896 | 1892 | 1885 | 2027 | 1950 13468
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42 Life sciences | 1893 | 1864 | 1846 | 1801 1802 | 1958 | 1886 13050
44 Physical sci- 875 913 965 989 1024 | 1171 1145 7082
ences
46 Mathematics | 441 484 517 540 570 662 660 3874
and statistics
48 Computer 1009 982 1066 | 1104 | 1193 | 1365 | 1380 8099
science
52 Engineering | 8966 | 9002 | 9042 | 9253 | 9431 | 10539 | 10616 66849
and related
techniques
54 Transform- 639 604 610 525 513 618 617 4126
ing industries
58 Architecture | 2033 | 1932 | 1880 | 1741 1675 | 1837 | 1817 12915
and construc-
tion
62 Agriculture, 795 816 819 831 740 777 798 5576
forestry and
fisheries
64 Veterinary 494 499 509 509 515 572 581 3679
sciences
72 Health 6642 | 6703 | 6750 | 6754 | 6696 | 7005 | 6963 47513
76 Social ser- 1112 | 1112 | 1065 | 1050 | 1046 | 1160 | 1144 7689
vices
81 Personal ser- | 2740 | 2834 | 2843 | 2916 | 2917 | 3148 | 3095 20493
vices
84 Transport 83 83 87 87 87 89 101 617
services
85Environmen- | 616 578 570 575 529 630 582 4080
tal protection
86 Security ser- 65 60 50 70 70 87 72 474
vices
Total 49244 | 49340 | 49502 | 49474 | 49532 | 54650 | 53861 | 355603

Source: DGES
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So, the data reveals an overall growing number of vacancies, where the year 2020 saw
the highest number of vacancies at 54,650. In 2020, the number of vacancies in higher edu-
cation saw a substantial increase, marking a 10% rise from the previous year. This boost,
aimed at accommodating the rise in candidates, included approximately 400 additional spots
in highly sought-after programs with top-achieving students. The increase reflects govern-
ment policy adjustments in response to the unprecedented rise in applicants and underscores
a broader effort to expand higher education access. This increase indicates growing confi-
dence among young people and their families in the value of higher education. Moreover, it
signifies a significant step towards widening the social base for higher education recruitment
and advancing the progressive qualification of the Portuguese population (DGES, 2020).
Most fields exhibit a relatively consistent number of vacancies each year, with slight increases
or decreases. Study field 52-Engineering and related techniques, had the highest number of
vacancies and study field 34-Business Sciences not only has a high number of courses but
also shows a substantial number of vacancies, reflecting the importance and popularity of
these fields. In the other hand, study fields such as 84-Transport Services and 86-Security
Services, which have the lowest number of courses, also show a limited number of vacancies.

Following the review of course availability and vacancy statistics, it is important to
analyse the average grade of the last classified individuals for different study fields. This
assessment provides further insight into the academic competitiveness of each study field.
Table 9 presents the average entry grades of the last classified individuals of the 1* phase of

the general access regime for each study field from 2015 to 2021.

Table 9-Average entry grades of the last classified individuals of the first phase of
the general access regime per year per CNAEF study fields

Year

CNAEF 2015 2016 2017 2018 2019 2020 2021 | Mean
study field
14 Teacher | 113,14 | 113,48 | 115,24 | 113,15 | 116,73 | 123,22 | 127,70 | 117,52

training and
education
sciences

21 Arts | 126,97 | 128,52 | 130,49 | 132,13 | 132,12 | 138,90 | 144,63 | 133,39
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22 Humani- | 122,05 | 125,10 | 127,95 | 127,94 | 130,53 | 139,22 | 143,49 | 130,90
ties
31 Social | 133,84 | 133,95 | 137,65 | 136,36 | 140,82 | 148,88 | 151,70 | 140,46
and behav-
ioural sci-
ences
32 Infor- 133,99 | 134,37 | 137,27 | 134,39 | 136,37 | 142,07 | 147,08 | 137,93
mation and
journalism
34- Busi- | 121,91 | 122,44 | 127,92 | 125,90 | 129,54 | 135,68 | 138,00 | 128,77
ness sci-
ences
38 Law 131,15 | 131,22 | 136,54 | 135,56 | 139,16 | 147,06 | 151,72 | 138,92
42 Life sci- | 131,54 | 128,97 | 129,98 | 129,17 | 128,50 | 141,67 | 153,62 | 134,78
ences
44 Physical | 123,03 | 126,77 | 129,29 | 132,00 | 134,48 | 139,77 | 141,39 | 132,39
sciences
46 Mathe- | 130,74 | 136,50 | 144,22 | 141,53 | 144,91 | 150,01 | 144,80 | 141,82
matics and
statistics
48 Com- 117,45 | 117,77 | 121,19 | 120,27 | 123,37 | 129,38 | 125,65 | 122,15
puter sci-
ence
52Engineer- | 124,31 | 127,10 | 130,71 | 129,06 | 129,58 | 135,83 | 135,22 | 130,26
ing and re-
lated tech-
niques
54 Trans- | 116,25 | 118,30 | 121,20 | 117,36 | 117,20 | 124,10 | 119,57 | 119,14
forming in-
dustries
58Architec- | 112,19 | 113,36 | 113,30 | 114,17 | 118,16 | 124,01 | 133,11 | 118,33
ture and
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construc-
tion

62Agricul- | 118,11 | 110,19 | 11042 | 111,30 | 113,53 | 119,25 | 117,93 | 114,39

ture, for-
estry and
fisheries

64 Veteri- | 131,20 | 132,96 | 136,78 | 135,46 | 134,96 | 144,54 | 15591 | 138,83

nary sci-
ences
72 Health | 134,53 | 129,78 | 131,89 | 131,20 | 130,60 | 146,81 | 155,69 | 137,21
76 Social | 113,03 | 112,44 | 113,58 | 114,52 | 117,80 | 122,39 | 130,34 | 117,73

services

81Personal | 119,13 | 117,64 | 120,97 | 118,42 | 120,36 | 128,81 | 130,57 | 122,27

services

84Transport | 131,00 | 129,73 | 133,47 | 130,57 | 133,87 | 144,00 | 139,00 | 134,52

services

85Environ- | 112,61 | 110,67 | 113,79 | 115,22 | 113,96 | 119,53 | 120,67 | 115,21

mental pro-
tection

86Security | 103,40 | 102,33 | 111,60 | 111,83 | 109,60 | 112,70 | 117,83 | 109,90

services
Mean 122,80 | 122,89 | 126,16 | 125,34 | 127,10 | 134,45 | 137,53 | 128,04
Source: DGES

The data reveals significant variations across different fields, reflecting changes in
academic standards and competitive dynamics. The data reveals that Mathematics and Statis-
tics (Field 40), Social and Behavioural Sciences (Field 31), Veterinary Sciences (Field 64),
Information and Journalism (Field 32), and Health (Field 72) are among the fields with the
highest average entry grades. These high averages suggest that these fields are highly aca-
demically competitive, attracting students with strong academic backgrounds. On the other
hand, Agriculture, Forestry, and Fisheries (Field 62) and Security Services (Field 86) have the
lowest average entry grades. There was an overall trend of rise in the average entry grades,

however, in 2020 and 2021 the grades increased substantially. The COVID-19 pandemic
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significantly affected the education sector, leading to adjustments such as allowing students
to take national exams only in subjects essential for higher education admissions. This meas-
ure, that continued into 2021, resulted in a noticeable rise in average entry grades for univer-
sity courses. In 2020, average grades for 12th-grade exams increased compared to 2019, with
some subjects showing a rise of over three points. Although average grades fell slightly in
2021 compared to 2020, they remained higher than pre-pandemic levels. The pandemic's
impact, coupled with a tough job market, led to a surge in applicants for higher education,
with a 22% increase from 2019 to 2020 and a further 2.3% rise from 2020 to 2021 (Fundacao
José Neves, 2022a). Despite this, the number of available places and enrolled students de-
creased slightly in 2021. This heightened competition, alongside fewer spots, contributed to
the increase in entry grades. So, this trend reflects not only the increased demand for higher
education but also the adjustments made to accommodate students during the pandemic.
The significant increase in average entry grades, particularly in 2020 and 2021, high-
lights the competitive nature of certain study fields. To further illustrate this, Table 10 shows

the distribution of courses with entry grades above 170 across various study fields.

Table 10- Distribution of Courses with Average Entry Grades Above 170 by Study
Field

CNAETF study field Study field code | Frequency | Percentage
(2 digits)

Teacher training and education sciences 14 0 0
Arts 21 8 4.04
Humanities 22 9 4.55
Social and behavioural sciences 31 6 3.03
Information and journalism 32 2 1.01
Business sciences 34 6 3.03
Law 38 4 2.02
Life sciences 42 5 2.53
Physical sciences 44 11 5.56
Mathematics and statistics 46 11 5.56

Computer science 48 0 0
Engineering and related techniques 52 66 33.33
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Transforming industries 54 0 0
Architecture and construction 58 6 3.03
Agriculture, forestry and fisheries 62 0 0
Veterinary sciences 64 4 2.02
Health 72 60 30.30
Social services 76 0 0
Personal services 81 0 0
Transport services 84 0 0
Environmental protection 85 0 0
Security services 86 0 0
Total 198 100.00

Source: DGES

The table reveals an evident concentration of high average entry grades in certain
study fields. Specifically, Engineering and Related Techniques (Field 52) and Health (Field
72) are the most competitive, with 66 and 60 courses respectively having average entry grades
above 170. These fields together represent over 60% of all courses with such high entry
grades, underscoring their popularity and the strong academic performance required for ad-
mission.

Other notable fields include Mathematics and Statistics (Field 46) and Life Sciences
(Field 44), each contributing 11 courses, further indicating high competitiveness in these ar-
eas.

In contrast, study fields like Agriculture, Forestry, and Fisheries (Field 62) and Secu-
rity Services (Field 86) have no high-grade courses, reflecting different academic demands
and student interest.

In conclusion, the descriptive statistics of the General Access Regime from 2015 to
2021 reveal significant disparities in the availability of courses and competitiveness across
different study fields. The increase in the number of vacancies in response to the COVID-
19 pandemic, along with the rise in entry grades, highlights the dynamic nature and pressures
within the higher education system. Fields such as Engineering and Health are particularly
competitive, reflecting high demand and the perceived importance of these areas. The trends

analysed indicate the need for ongoing adjustments in educational policies to balance the
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supply of vacancies and meet the preferences and needs of students.
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Chapter 5. Methodology

5.1. Wage premium by study field
A common approach to estimate wage premiums is to use the Mincer earnings func-
tion (Mincer, 1974), a widely recognized framework in labour economics:

Equation 5.1

logw = Bs + 8,exp + 6,exp? + ¢

Being w the wage rate, s the years of schooling, exp the years of work experience,
and exp2 a quadratic on experience that captures the concavity of the age-earnings profile.

This dissertation follows a common approach relying on Mincerian wage regressions
like the one in Equation 5.1. The Mincer equation may be biased due to measurement errors
in educational levels and omitted individual characteristics like ability that affect wages. These
biases can lead to overestimation of returns. However, this is not a major problem for this
study because, similar to Campos and Reis (2018), the goal of this study is to describe the
education returns from 2010 to 2021, not to assess causal relationships. And given that the
unobserved factors which might bias the results are likely to remain constant over time, they
influence only the magnitude of the returns, not their evolution, so, that is why there is no
use of instrumental variables or control function methods.

The data is drawn from ‘Quadros de Pessoal’, which is a database that combines data
from employers and workers in the private sector in Portugal. The data used is from 2010
onwards.

Because ‘Quadros de Pessoal’ doesn’t provide information about a workers experi-
ence, age will be used as proxy for experience, as used by Campos and Reis (2018). Also, in
‘Quadros de Pessoal’ individual educational level is represented as a categorical variable indi-
cating the highest level of education completed.

So, in this dissertation is going to be considered a wage regression like Equation 5.2
controlling for age, age square, tenure, tenure squatre and a set of dummy variables that as-
sume the value 1 depending on the completion of, respectively, high school, a bachelot’s
degree or a master’s degree, where the base category is completion of high school education.

Workers with PhDs are excluded due to their minimal representation in the private sector.
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Equation 5.2
3
logw; =+ Z BjEj; + 61age;; + 82,kage,-,k2 + &3 tenure;
j=2

+ 8y tenure;,” + £,

Where: wi,k is the real hourly base wage of the worker. Ej, j ={1,2,3} are indicator
variables that equal one for individuals reporting completion of each of the following levels
of education: (1) high school; (2) bachelor’s degree; and (3) master’s degree (the first category
is omitted in the regressions). ager,kis the worker’s age. tenurer,kis the years in the current
company. And e,k the error term capturing unobserved factors.

Equation 5.2 is going to be run to first estimated to calculate the wage premium by
educational level. Then, Equation 5.3 is going to be estimated to calculate the wage premium
of bachelor's degree and master’s degree by CNAEF study field.

Equation 5.3

3 22
logw;j = o+

BEj; + Z BqSqi + P1rage;r + @z rage; .’
j=2 q=2

+ (p3,ktenurei1k + (p4,ktenurei,k2 + Eik

Where: wi,k is the real hourly base wage of a worker. Ej, j ={1,2,3} are indicator
variables that equal one for individuals reporting completion of each of the following levels
of education: (1) high school; (2) bachelor’s degree; and (3) master’s degree (the first category
is omitted in the regressions). 8¢, q ={1,2,...,22} are indicator variables that equal one for
individuals holding a degree in each of the following study fields: (1) Teacher Training and
Education Sciences; (2) Arts; (3) Humanities; (4) Social and Behavioural Sciences; (5) Infor-
mation and Journalism; (6) Business Sciences; (7) Law; (8) Life Sciences; (9) Physical Sciences;
(10) Mathematics and Statistics; (11) Computer Science; (12) Engineering and Related Tech-
niques; (13) Transforming Industries; (14) Architecture and Construction; (15) Agriculture,
Forestry, and Fisheries; (16) Veterinary Sciences; (17) Health; (18) Social Services; (19) Per-
sonal Services; (20) Transport Services; (21)Environmental Protection and (22) Security Ser-
vices (the first category is omitted in the regressions). ager,k is the worker’s age. tenurerf,k
is the years in the current company. And e,k the error term capturing unobserved factors.

In the regressions based on Equation 5.2 and Equation 5.3, we apply robust standard

errors to address potential heteroscedasticity. Additionally, we employ clustering of standard
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errors by the worker identification number to address the correlation of errors across multi-
ple observations of the same worker. In longitudinal data, where multiple wage observations
are available for the same individual across different time periods, errors may be correlated
within individuals. If this intra-worker correlation is not accounted for, it can lead to biased
standard errors, and consequently, misleading statistical inference. By clustering the standard
errors at the worker level, we allow the model to account for the fact that multiple observa-
tions from the same individual are likely to share similar unobserved characteristics, such as
innate ability or motivation, that could influence wages. This clustering approach corrects
for the potential correlation of errors within each worker’s observations, leading to more
accurate and reliable standard errors.

After estimating Equation 5.3, additional regressions will be performed for each
study field and for each year to estimate the wage premium over time. This leads to Equation
5.4, which estimates the wage premium for each CNAEF study field for each year. The values
of the coefficients for higher education will be then employed in the analysis of demand by
study field. The regressions based on Equation 5.4 are run separately for each year of the
analysis and for each study field.

Equation 5.4

log wix =+ BaHai + @1xag€ik + @21ag€1” + @3 tenure;,
+ @4 tenure;; r + g,
Where: wi,k is the real houtly base wage of a worker. Hd,iis an indicator variable
representing the completion of a bachelot's degree and/or a mastet’s degree. age,k is the
worket’s age. tenurer,kis the years in the current company. And &7,k the error term capturing

unobserved factors.

5.2. Demand by study field

The demand by study field is not directly quantifiable as a numerical value. However,
it is possible to estimate it indirectly by calculating the average grade of the last classified
individuals through the national selection process for higher education courses within each
specific study field. This average grade can then be used as a proxy for estimating the demand
for that study field, under the assumption that higher average grades reflect greater compe-
tition and, consequently, higher demand.

Several factors influence the average grade in a study field, but they do not necessarily

correlate directly with demand. For example, the number of available vacancies in a specific
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course at a university, the number of leftover vacancies from previous years, and the national
average exam scores for that year reflect the overall academic performance rather than de-
mand. Conversely, factors such as the wage premium associated with the study field in pre-
vious years or the unemployment rate within that field are likely to influence demand. Addi-
tionally, the proportion of women in a study field may also impact demand, as gender has
been shown to influence study decisions.

In this dissertation, to estimate the impact of wage premiums on the demand for
study fields it’s estimated a series of wage regressions based on Equation 5.5. Equation 5.5
models the mean grade as a function of the specified predictors, adjusting for the impact of
year fixed effects.

Equation 5.5
G =X + 1 wage_premium_S5years;, + 2 unemployment_last_year ;;

+ B3 women_proportion;, + p4 vacancies_total;,
6

+ B5 leftovers_total;, + yjyearj+ &;;
j=1

Being: Gi,k is the average grade of the last classified individuals in higher education
courses of study field i, it is calculated by averaging the grades of the last classified individuals
of all courses or participants within that study field i for a year. wage premium_J5years
indicates the wage premium associated with a specific study field over the previous five years.
unemployment last_year represents the unemployment rate of recent graduates of a spe-
cific study field in the previous year. women_proportion measures the percentage of
women relative to men currently working who graduated from study field i. vacancies_total
represents the total number of vacancies in courses in a specific study field in a year. lefto-
vers_total represents the total number of vacancies that remain unfilled, it could be used to
capture how excessive supply impact the dependent variable. Yearare dummy variables rep-
resenting different years in the dataset (2015 to 2021), each dummy variable equals 1 if the
observation belongs to that specific year and 0 otherwise. Year fixed effects control for time-
specific factors that may influence the dependent variable, such as overall academic perfor-
mance that year or in the cases of 2020 and 2021 the impact of the Covid-19 adjustments.
And ej,tis the error term capturing unobserved factors.

The model, based on Equation 5.5, will allow to assess the impact of wage premiums

on the demand for fields of study. By employing this approach, we aim to better understand
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how wage premiums influence the attractiveness and demand for study fields over time.
However, we are unable to determine the specific influence of wage premiums on each in-
dividual field of study due to insufficient data for a more detailed analysis. While the model
offers insights into the overall impact on demand across study fields, it does not allow us to

isolate the effect for each specific field because of these data limitations.
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Chapter 6. Results and discussion

6.1. Wage premium by study field

In this section, we present the results of the wage regressions analysis conducted to
estimate the wage premiums associated with different levels of educational attainment and
different fields of study.

Firstly, the regression analysis, based on Equation 5.2, was conducted to estimate the
wage premiums associated with completing a bachelor’s degree and a master’s degree, while
controlling for age, age squared, tenure, and tenure squared but not controlling for the dif-
ferent study fields. In this regression, coefficients Bj, j = {2,3}, represent the wage increase
associated with completing schooling level j, compared to individuals who have only com-
pleted high school (education level j =1, the omitted category). Table 11presents detailed

results.

Table 11-Wage regression-OLS-based on Equation 5.2

Bachelot's degree 0.5142+F* (0.0007)
Mastet's degree 0.6522*** (0.0016)
Age 0.0213*** (0.0002)
Age square -0.0001*** (0.0000)
Tenure 0.0251*** (0.0001)
Tenure square -0.0003*** (0.0000)
Constant 0.7465%FF (0.0041)
Observations 11672874
F-statistic > 99999.00
Prob > F 0.0000
R-Squared 0.3996
Root MSE 0.4337
* p<0.10, ¥ p<0.05, *** p<0.01

Note: Coefficients obtained from OLS regressions with robust standard errors clus-
tered by worker, using specification (2) pooling data for men and women, from 2010
to 2021. Standard errors in parentheses.

Source: Author's calculations based on Quadros de Pessoal. Results obtained using
the STATASE 17 program.
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Analysing these results, we find that education is a decisive factor in an individual’s
wage. Individuals with a bachelor’s degree earn approximately 51.42% more per hour than
those with only a high school education, while those with a master’s degree earn about
65.22% more. Each additional year of age is associated with a 2.13% increase in hourly
wages, but the negative coefficient for age squared (-0.0001) indicates diminishing returns,
though the effect is minimal. Similarly, each additional year of tenure at the current job in-
creases hourly wages by 2.51%, but the negative coefficient for tenure squared (-0.0003) sug-
gests a slight reduction in this effect over time.

Building upon the previous analysis, we extend the regression model to account for
the impact of different fields of study on wage premiums. Using Equation 5.3, we include
controls for various study fields to better understand how educational attainment affects
wages across different areas of specialization. Equation 5.3 introduces indicator variables for
22 specific study fields, allowing us to estimate how the wage premium associated with a
bachelor’s or master’s degree varies depending on the field of study. This approach provides
a more nuanced view of how the value of education is perceived in different sectors. In this
regression, coefficients Bj, j = {2,3}, also represent the wage increase associated with com-
pleting schooling level j, compared to individuals who have only completed high school (ed-
ucation level j =1, the omitted category). Also, coefficients Bq, q = {1, ...,22} represent the
wage increase associated with each study field, omitting CNAEF study field=99 “Unknown

or Unspecified”. Table 12 presents the detailed results.

Table 12-Wage regression-OLS-based on Equation 5.3- controlling for study field

Bachelot's degree 0.3868*** (0.0013)
Mastet's degree 0.4964*** (0.0019)
Age 0.0220%** (0.0002)

Age square -0.0001**#* (0.0000)
Tenure 0.0241*%** (0.0001)
Tenure square -0.0002*** (0.0000)
Study Field=14 -0.0141%%* (0.0024)
Study Field=21 -0.0855**F* (0.0040)
Study Field=22 -0.0387*+F* (0.0033)
Study Field=31 0.1074*%** (0.0025)
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Study Field=32
Study Field=34
Study Field=38
Study Field=42
Study Field=44
Study Field=46
Study Field=48
Study Field=52
Study Field=54
Study Field=58
Study Field=62
Study Field=064
Study Field=72
Study Field=76
Study Field=81
Study Field=84
Study Field=85
Study Field=86
Constant
Observations
F-statistic
Prob > F
R-Squared
Root MSE

0.0071 (0.0044)
0.1660%+* (0.0019)
0.2109%* (0.0047)
0.0957+* (0.0045)
0.1548%* (0.0062)
0.2661%* (0.0057)
0.3022%* (0,0026)
0.2790%* (0.0019)
0.1605%* (0.0110)
0.0910%* (0.0045)
0.0332%%* (0.0066)
-0.0641%%* (0.0074)
0.1902%* (0.0018)
-0.0578*%** (0.0030)
-0.0735%* (0.0065)
0.3671%%* (0.0163)
0.0194** (0.0082)
0.0951% % (0.0170)
0.7381%% (0,0040)
11672874
45607.24
0.0000
0.4174
0.4272

* p<0.10, ** p<0.05, #** p<0.01

Note: Coefficients obtained from OLS regressions with robust standard errors clus-
tered by worker, using specification (3) pooling data for men and women, from 2010
to 2021. Standard errors in parentheses.

Source: Authot's calculations based on Quadros de Pessoal. Results obtained using
the STATASE 17 program.

The results indicate that the wage premiums associated with education remain sub-
stantial when controlling for study field. Specifically, individuals with a bachelot's degree earn

approximately 38.68% more per hour than those with only high school education, while
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those with a master’s degree earn about 49.64% more. The age and tenure factors also have
similar coefficients as before.

When controlling for study fields, significant differences emerge in the wage premi-
ums across various fields. 34-Business Sciences, 38-Law, 44- Physical sciences, 46-Mathemat-
ics and Statistics, 48-Computer Science, 52- Engineering and related techniques, 54- Trans-
forming industries, 72- Health and 84-Transport Services are associated with the highest
positive wage premiums, reflecting substantial earnings advantages over other fields, having
a degree in these fields is associated with an increase of more than 15% in hourly wages.

While fields like 31- Social and behavioral sciences, 42- Life sciences, 58- Architecture
and construction, 62- Agriculture, forestry and fisheries, 85- Environmental protection and
86- Security services also show positive coefficients, though not as high.

Other fields such as 14- Teacher training and education sciences, 21- Arts, 22- Hu-
manities, 64- Veterinary sciences, 76- Social services and 81- Personal services have negative
coefficients, meaning that individuals with a degree in these fields earn less per hour than
those with degrees in other areas of study.

However, study field 32-Information and Journalism did not show statistically signif-
icant coefficients. This suggests that there isn't strong evidence to confirm that this field has
a consistent impact on wages.

An interesting pattern emerges when examining the wage premiums across different
study fields, particularly in relation to gender composition. Curiously, the fields with negative
coefficients are all female dominated, as we can see in Table 5. Among the fields with the
highest wage premiums, five out of nine are female dominated. This suggests that certain
fields where women are prevalent still offer substantial wage premiums. Equally, among the
fields with positive but lower wage premiums, three out of six are also female dominated.
This contrast highlights the complex nature of gender dynamics in the labour market.

The analysis reveals another notable pattern, this time concerning the relationship
between wage premiums and the average entry grades required for different fields of study.
Among the nine fields with high wage premiums, seven have above-average entry grades, as
we can see in Table 9. This suggests that fields offering higher wages may require stronger
academic qualifications for admission. In opposition, among the six fields with low but pos-
itive wage premiums, only two have above-average entry grades. Additionally, three of the
six fields with negative wage premiums also require above-average entry grades. This indi-

cates that high entry grades do not necessarily lead to higher wages. Overall, while higher
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entry grades are often associated with higher wages in certain fields, this is not a universal
rule, highlighting the complex relationship between entry requirements, field of study, and
wage outcomes.

Following this analysis of wage premiums by study field, we further examined how
these premiums have evolved over time by applying Equation 5.4. This approach allows us
to assess annual variations in wage premiums for each CNAEF study field, offering insights
into the temporal dynamics of wage premiums associated with higher education. To analyse
the evolution of wage premiums associated with higher education across different fields of
study over time, we performed separate annual regressions for each field of study, as speci-
fied by Equation 5.4. Given the extensive number of regressions conducted (264 in total),
we will only reference the coefficients for higher education to summarize the key trends
observed. Table 13 below shows the higher education coefficients by field of study and year.

The coefficients for higher education show varying trends across different fields of
study and over time. Analysing these coefficients shows a general decline in the average co-
efficient from 0.5445 in 2010 to 0.4625 in 2021, suggesting a reduction in the average value
associated with higher education over these years. Even if we don’t consider the years of
2020 and 2021 (to eliminate the impact of COVID-19), almost all study fields showed a
general decrease in their coefficients. The reduction in the coefficients can be linked to
broader wage trends. Between 2011 and 2019, wage increases were more substantial for less
qualified workers due to higher minimum wages and changes in collective bargaining, with a
5% increase for those with basic education. In contrast, wages for workers with secondary
and higher education decreased by 3% and 11%, respectively (Fundag¢io José Neves, 2022b).
It is also essential to recognize that these coefficients are derived from regressions where the
dependent variable is the logarithm of the real hourly base wage. The adjustment for inflation
accounts for changes in the cost of living, thus providing a more accurate representation of
the real value of higher education across the years.

Examining specific fields, most fields experienced a decline in their coefficients be-
tween 2010 and 2021. A notable exception to this general trend is study field 48-Computer
Science. Contrary to most fields, Computer Science saw a slight increase in its coefficient,
rising from 0,7129 in 2010 to 0,7187 in 2021. This positive trend suggests that the value of
education in this field is perceived to be growing, highlighting its increasing relevance and
demand in the labour market.

The most substantial decline was in study field 58-Architecture and Construction,
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with a reduction of 35.31% in its coefficient, falling from 0.6256 in 2010 to 0.4047 in 2021.
This decrease parallels the overall contraction in the construction sector, where the total
turnover had a 19.7% decrease over the 2010-2020 period (European Construction Sector
Observatory, 2020). This suggest that the challenges facing Field 58-Archicteture and Con-
struction, are indicative of wider sectoral issues, including decreased demand and shifts in
the economic landscape affecting construction and architecture. Field 76-Social services also
saw an enormous decrease, with a reduction of almost 30% in its coefficient, falling from
0.4135 in 2010 to 0.2906 in 2021. The decline in the field of social work can be attributed to
structural changes in the welfare state, austerity measures, and economic constraints follow-
ing the financial crisis of 2008, which led to reduced public funding and job opportunities in
the social sector (Hespanha, 2018). These factors, compounded by the ongoing professional
challenges within social work, such as low pay, high job demands, and limited career progres-
sion, have collectively contributed to the decreasing appeal of this field during the specified
period.

Overall, the results presented in Table 11, Table 12 and Table 13 indicate that, while
higher education still provides a wage premium, its value has declined over time. Additionally,
field-specific variations show that some areas, like Architecture and Construction, as well as
Social Services, have experienced more significant declines, reflecting sector-specific chal-
lenges. The analysis also highlights the impact of gender composition, with many fields
showing lower or negative premiums being female dominated, however, gender dynamics
play a role in wage outcomes but are not the sole factor. Furthermore, high entry grades do
not always correlate with higher wages, indicating that the relationship between academic

requirements and wage outcomes is complex.
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Table 13-Summary Table of Higher Education Coefficients by Field of Study and Year

Field | 2010 | 2011 | 2012 | 2013 | 2014 | 2015 | 2016 | 2017 | 2018 | 2019 | 2020 | 2021 | Mean
14 | 04312 | 0,4367 | 04343 | 04317 | 0,4075 | 0,3978 | 0,3825 | 03663 | 0,3614 | 0,3536 | 0,3578 | 0,3536 | 0,3929
21 0,3551 | 0,3603 | 03327 | 0,3295 | 0,3082 | 03114 | 03028 | 0,2883 | 0,2779 | 0,2814 | 0,2880 | 0,2906 | 0,3105
22 | 03911 | 0,3869 | 03836 | 0,3895 | 0,3718 | 0,3660 | 03661 | 0,3598 | 0,3537 | 03517 | 0,3442 | 0,3301 | 0,3662
31 0,5756 | 0,5641 | 0,5492 | 0,5385 | 0,5268 | 0,5189 | 0,5067 | 0,4960 | 0,4772 | 04702 | 0,4702 | 0,4626 | 0,5130
32 | 04352 | 04331 | 04224 | 0,4220 | 0,4071 | 04156 | 04111 | 0,4032 | 0,3822 | 03765 | 0,3748 | 0,3754 | 0,4049
34| 0,5991 | 0,6022 | 0,5902 | 0,5865 | 0,5750 | 0,5744 | 0,5664 | 0,5585 | 0,5527 | 0,5552 | 0,5502 | 0,5439 | 0,5712
38 | 0,6437 | 0,6400 | 0,6338 | 0,6274 | 0,6168 | 0,6149 | 0,6115 | 0,6088 | 0,6036 | 0,6124 | 0,5970 | 0,5944 | 0,6170
42 | 0,5848 | 0,5690 | 0,5540 | 0,5455 | 0,5240 | 0,5053 | 04917 | 04760 | 0,4665 | 0,4530 | 0,4611 | 04490 | 0,5067
44 06190 | 06168 | 0,5997 | 0,5824 | 0,5699 | 0,5745 | 0,5506 | 0,5506 | 0,5346 | 0,5300 | 0,5148 | 0,5016 | 0,5621
46 | 0,6996 | 0,7017 | 0,6963 | 0,6842 | 0,6702 | 0,6650 | 0,6746 | 0,6629 | 0,6555 | 0,6574 | 0,6718 | 0,6586 | 0,6748
48 | 0,7129 | 0,7063 | 0,6951 | 0,6974 | 0,6770 | 0,6861 | 0,6935 | 0,6840 | 0,6946 | 0,7007 | 0,7081 | 0,7187 | 0,6979
52 | 0,7122 | 0,7086 | 0,7058 | 0,7047 | 0,6926 | 0,6920 | 0,6819 | 0,6734 | 0,6680 | 0,6733 | 0,6717 | 0,6694 | 0,6878
54 | 0,6019 | 0,6077 | 05787 | 0,5686 | 0,5617 | 0,5843 | 0,5741 | 0,5655 | 0,5570 | 0,5343 | 0,5601 | 0,5388 | 0,5694
58 | 0,6256 | 0,6133 | 0,5858 | 0,5587 | 0,5359 | 0,4910 | 04694 | 04482 | 0,4212 | 0,4144 | 04086 | 0,4047 | 0,4981
62 | 04536 | 04638 | 04552 | 0,4521 | 0,4520 | 04374 | 0,4309 | 0,4359 | 0,4295 | 04295 | 0,4310 | 0,4222 | 04411
64 | 0,4140 | 03890 | 03669 | 0,3399 | 0,3396 | 03350 | 0,3376 | 0,3098 | 0,2995 | 0,2973 | 0,3038 | 0,3170 | 0,3374
72 | 0,6423 | 0,6244 | 0,6040 | 0,5967 | 0,5892 | 0,5901 | 0,5923 | 0,5627 | 0,5795 | 0,5713 | 0,5606 | 0,5466 | 0,5883
76 | 0,4135 | 04023 | 03867 | 0,3719 | 0,3491 | 03484 | 03465 | 0,3300 | 0,3134 | 02937 | 0,2973 | 0,2906 | 0,3453
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81 0,3529 | 0,3390 | 03269 | 0,3158 | 0,3121 | 03166 | 03146 | 0,3131 | 0,3142 | 03098 | 0,3188 | 0,3069 | 0,3201
84 | 0,8160 | 0,8228 | 0,8131 | 0,8124 | 0,8113 | 0,7944 | 0,8048 | 0,7853 | 0,7328 | 0,7520 | 0,7439 | 0,6675 | 0,7797
85 | 0,4838 | 0,4941 | 04679 | 0,4572 | 0,4254 | 04278 | 04139 | 0,4027 | 0,3885 | 0,3940 | 0,4073 | 0,3934 | 0,4297
86 | 0,4150 | 0,3984 | 04005 | 0,6716 | 0,6327 | 0,5966 | 0,5514 | 0,5077 | 0,5564 | 0,5622 | 0,3363 | 0,3385 | 0,4973
Mean | 0,5445 | 0,5400 | 0,5265 | 0,5311 | 0,5162 | 0,5111 | 0,5034 | 0,4904 | 0,4827 | 0,4806 | 04717 | 0,4625 | 0,5051

Note: Coefficients obtained from OLS regressions, using specification (4) pooling data for men and women, from 2010 to 2021. All
coefficients shown are significant at 1% level.

Source: Author's calculations based on Quadros de Pessoal. Results obtained using the STATASE 17 program.
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6.2. Demand by study field

In this section, we present the results of the regression analysis exploring the rela-
tionship between demand by field of study and their associated wage premiums.

The regression analysis, based on Equation 5.5, was conducted to assess the impact
of wage premiums on the demand for fields of study. Due to the constraints of the dataset,
which includes 22 study fields observed only over 7 years, the total number of observations
is limited to 154. This relatively small sample size imposes significant constraints on the ro-
bustness and generalizability of our findings. Due to this, we cannot assess the impact of
wage premiums on each individual field of study. Although this model sheds light on the
general effect on demand across various fields, it does not enable us to separate the impact
for each specific field due to these data constraints.

The regression analysis examined the influence of various factors on the average
grades of the last classified individuals in higher education courses, serving as a proxy for
demand by study field. The model used Equation 5.5 to explore how wage premiums, un-
employment rates, gender proportions, initial vacancies and leftover vacancies affect the av-
erage grade, adjusting for year-specific effects.

The results of the regression are presented in Table 14 below.

Table 14- Study field demand regression-OLS-based on Equation 5.5

wage_premium_5Syears 15.3169** (7.5918)
unemployment_last_year -0.3850 (0.2696)
women_proportion 0.0292 (0.0590)
vacancies_total 0.0030*+* (0.0005)
leftovers_total -0.0179*** (0.0030)
2016 -0.8936 (2.4659)
2017 0.4742 (2.5628)
2018 0.2509 (2.63806)
2019 0.8520 (2.9494)
2020 7.0503** (2.9953)
2021 11.2251%FF (2.8023)
Constant 116.7026%** (8.0983)
Observations 154
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F-Statistic 14.5

Prob > F 0.0000
R-Squared 0.5291
Root MSE 8.1084

* p<0.10, ** p<0.05, *** p<0.01

Note: Coefficients obtained from OLS regression, using specification (5) pooling
data for men and women, from 2015 to 2021.

Source: Author's calculations based on DGES data from the General Access Re-
gime, Quadros de Pessoal and Brighter Future. Results obtained using the STA-
TASE 17 program.

The results reveal several important findings.

Firstly, and most importantly, this regression shows a positive coefficient of 15.3169
of the wage premiums over five years, significant at the 5% level. This suggests that for every
0.1 increase in the wage premium (equivalent to a 10-percentage point increase), the average
grade of the last classified individuals in a study field increases by approximately 1.53 points.
So, the wage premiums over five years demonstrate a statistically significant positive impact
on average grades, indicating that higher wage premiums correlate with increased demand
for a particular field. This suggests that fields offering more desirable wage prospects tend
to attract higher-performing students, enhancing the overall competitiveness within those
fields.

The positive and significant impact of wage premiums on the demand for study
fields, as evidenced by the regtression analysis, corroborates the literature's claims that eco-
nomic factors, particularly future earning potential, are central to students' choices in higher
education. This relationship highlights the critical role of wage expectations in influencing
educational decisions, supporting the broader understanding that students prioritize fields
with better career prospects and higher wages. As highlighted in Section 2.4, career prospects
and the potential for well-paying jobs are consistently identified as key motivators for stu-
dents when selecting their field of study. The findings from this regression analysis provide
empirical support for these motivations.

While the regression analysis provides valuable insights into the overall impact of
wage premiums on the demand for study fields, it is unfortunate that the data limitations
prevent a more detailed exploration of how these wage premiums might differently influence

demand across various fields of study. The literature highlights significant differences in how
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students prioritize factors like career prospects and salaries when selecting a course, with
fields such as Economics, Management, and Accountancy placing a stronger emphasis on
high-paying job opportunities (Tavares and Ferreira, 2012). Based on these findings, it would
be reasonable to expect that wage premiums might have a more pronounced impact on de-
mand in these fields, resulting in higher coefficients in the regression analysis. Conversely,
areas such as Humanities, Secretariat, and Translation, where students prioritize personal in-
terest and enjoyment of learning over wage prospects, might show a lower sensitivity to wage
premiums, potentially leading to lower coefficients. However, due to the constraints of the
dataset, we are unable to conduct a nuanced analysis that could capture these expected dif-
ferences. This limitation is particularly regrettable, as a more granular analysis would have
allowed us to better understand the field-specific dynamics and how wage expectations shape
educational choices in different areas. The absence of sufficient data prevents us from fully
leveraging the insights provided by the literature, leaving a gap in our understanding of how
wage premiums might variably influence the demand for different study fields.

In contrast to the significant impact of wage premiums, other factors such as the
previous year's unemployment rate do not show a statistically significant effect on demand.
Specifically, while the unemployment rate has a negative coefficient, it does not provide a
reliable prediction for demand. Students clearly pay attention to labour market conditions,
focusing on potential economic returns, as demonstrated by the significant and positive co-
efficient of the wage premium. However, surprisingly, the unemployment rate does not ap-
pear to be a relevant factor in their choices. This discrepancy highlights a critical insight into
student decision-making: students seem to prioritize potential wage outcomes over employ-
ment rates when selecting their fields of study. This finding implies that students are more
motivated by the promise of higher salaries than by concerns about job security or market
saturation.

Besides, the proportion of women in a study field is also not statistically significant.
This indicates that the gender composition of a field may not have a significant impact on
the demand for a field. Specifically, the analysis aimed to explore whether fields that are
predominantly female or male attract students differently. The lack of statistical significance
suggests that students’ choices are not influenced by the gender balance within a field.

On the contrary, the total number of vacancies in a study field has a positive coeffi-
cient of 0.0030, significant at the 1% level. This result suggests that an increase in the number

of available spots is associated with a very slight increase in the average grade. Conversely,
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the number of leftover vacancies has a negative coefficient of -0.0179, also significant at the
1% level. This indicates that fields with more unfilled positions are associated with a decrease
in the average grade by about 1.79 points per leftover vacancy, reflecting lower demand.
However, it is important to consider the possibility of reverse causality in this rela-
tionship. While the data suggest that an increase in vacancies is associated with higher average
grades, it is conceivable that this effect could be due to high-performing students influencing
the allocation of more vacancies. In other words, it might be that higher average grades lead
to an increase in the number of available spots, rather than the other way around. Adminis-
trative regulations and institutional practices, such as those outlined in Dispatch No. 6343-
C/2020 (Ministério da Ciéncia Tecnologia e Ensino Supetior, 2020) , do adjust the number
of vacancies based on demand. The Ministry of Science, Technology, and Higher Education
issues guidelines and vacancy limits for university admissions each academic year to optimize
the alignment between supply and demand. For instance, the Dispatch No. 6343-C/2020
outlines directives for setting vacancies for the national admission process and local access
competitions for the 2020-2021 academic year. This regulatory framework helps to clarify
the positive coefficient observed in the relationship between the number of vacancies and
grades. Administrative regulations and institutional practices adjust the number of available
spots based on demand. This suggests that increasing vacancies in response to higher de-
mand generally attracts more competitive students. The regulations impose restrictions on
the number of available vacancies based on demand and unemployment rates. For example,
Article 12 stipulates that cycles of study with insufficient enrolment in the previous three
academic years cannot open new vacancies. Additionally, Article 13 restricts the increase in
vacancies for programs experiencing higher unemployment rates compared to both the in-
stitution and the specific field of education. Also, the Dispatch No. 6343-C/2020 highlights
the importance of programs in digital skills, data science, and Medicine. Unlike other pro-
grams, these fields may increase their number of vacancies relative to previous academic
years, reflecting their critical role and higher demand. Administrative regulations aim to better
rationalize the supply of academic programs and meet demand effectively. By adjusting the
number of vacancies based on demand, these guidelines help to ensure that higher education
institutions align their offerings with market needs. This mechanism supports the notion that
administrative adjustments, such as increasing vacancies in response to higher demand, con-
tribute to improved student quality and better alignment between educational supply and

labour market needs.
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Lastly, the significant and positive effects for 2020 and 2021 suggest an increase in
grades, likely influenced by adjustments during the COVID-19 pandemic. As we seen before
in Section 4.2.2, the COVID-19 pandemic significantly affected the education sector, leading
to several adjustments that resulted in a visible rise in average entry grades for university
courses.

In summary, the analysis indicates that wage premiums and vacancy dynamics play
expressive roles in influencing the demand for study fields, as reflected in the average grades
of the last admitted students.

However, the analysis is constrained by the small sample size of 154 observations
across 22 study fields over 7 years, which limits the robustness and generalizability of the
findings. Further research with more comprehensive data would be necessary to confirm

these results and provide more detailed insights into the impact on individual study fields.
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Chapter 7. Conclusions

This dissertation has explored two central objectives: estimating wage premiums as-
sociated with various fields of study and understanding how these premiums influence edu-
cational demand.

The analysis presented in Section 6.1 demonstrates that higher educational attain-
ment significantly impacts wage premiums. Individuals with a bachelor's degree earn approx-
imately 51.42% more per hour compared to those with only a high school diploma, while
those with a mastet's degree about 65.22% more. When controlling for study fields, wage
premiums vary significantly. Fields such as Business Sciences, Law, Physical sciences, Math-
ematics and Statistics, Computer Science, Engineering and related techniques, Transforming
industries, Health and Transport Services show the highest wage premiums. Conversely,
fields like Teacher training and education sciences, Arts, Humanities, Veterinary sciences,
Social services and Personal services exhibit lower wage premiums, indicating lesser financial
returns compared to other areas. The temporal analysis reveals a general decline in wage
premiums across most fields from 2010 to 2021. This trend aligns with general wage dynam-
ics, where wage growth for less qualified workers has outpaced that for higher education
graduates. Notably, Computer Science avoided this trend, showing a slight increase in wage
premiums, underscoring the growing value of education in this sector. On the other hand,
fields such as Architecture and Construction and Social Services have experienced more sig-
nificant declines, reflecting sector-specific challenges.

The second objective, analysing how wage premiums affect demand, demonstrates a
clear relationship between higher wage premiums and increased demand for study fields. The
analysis presented in Section 6.2 provides empirical evidence that wage premiums have a
significant positive effect on demand, with a coefficient of 15.3169 (significant at the 5%
level). Specifically, for every 0.1 unit increase in the wage premium (equivalent to a 10-per-
centage point increase), the average grade of the last classified individuals in a study field
increases by approximately 1.532 points. This suggests that students are highly responsive to
potential economic returns when selecting their fields of study. This finding aligns with the
hypothesis that students are motivated by potential future earnings, leading to increased com-
petitiveness for fields with higher wage prospects. The regression also highlights the relation
between the number of vacancies and demand. An increase in the number of vacancies is

positively associated (coefficient of 0.0030) with higher average grades and, consequently,
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demand. Conversely, the presence of leftover vacancies negatively (coefficient of -0.0179)
impacts average grades, reflecting reduced demand. These findings underscore the im-
portance of aligning educational supply with market needs and suggest that administrative
adjustments to vacancy numbers are related to an attempt to align demand and supply. The
study found that previous year's unemployment rates and the proportion of women in a
study field do not have a statistically significant impact on demand. The lack of significance
for the unemployment rate suggests that students are less concerned with job security or
market saturation and more focused on potential wage outcomes. The lack of statistical sig-
nificance for the women proportion indicates that students’ choices are not influenced by
the gender balance within a field. On the other hand, the COVID-19 pandemic had a signif-
icant impact on the higher education landscape, as evidenced by the notable increase in av-
erage entry grades in 2020 and 2021. This period of disruption led to adjustments that af-
fected student performance and entry requirements.

The first part of this study benefited from a large dataset, Quadros de Pessoal, which
enabled the calculation of wage premiums at the field level. However, this dataset's structure
limited the analysis to broad fields of study rather than specific courses. This limitation has
notable implications for the study. Fields of study involve a diverse range of individual
courses, each with distinct characteristics and motivations influencing student choices. For
example, within the broader field of Social and Behavioural Sciences, courses in Economics
and Psychology may offer different wage premiums and have varying entry requirements.
These differences are not captured by the aggregated field-level data used in this study. As a
result, the analysis may not fully reflect the specific economic benefits associated with indi-
vidual courses within this field. The inability to calculate wage premiums at the course level
restricts the analysis further. Detailed data on specific courses would have allowed for more
nuanced regressions on the second part of this study that could incorporate variables such
as necessary entry exams or the location of educational institutions. According to the litera-
ture, these factors significantly influence student decisions and educational outcomes but are
obscured when analysing data aggregated at the field level.

The second part of this study, while based on a sample of 154 observations across
22 study fields over seven years, provides valuable insights despite its size. It offers a foun-
dational perspective on the nuanced impacts of wage premiums on demand. While the sam-
ple size presents opportunities for more extensive exploration, it sets the stage for future

research to build upon these findings with larger datasets and more detailed analyses.
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In conclusion, this dissertation successfully calculates wage premiums across various
tields of study and demonstrates their significant impact on demand. High wage premiums
are associated with increased demand, reinforcing the role of economic incentives in shaping
educational choices. Vacancy dynamics also play a crucial role, highlighting the importance
of aligning educational supply with market needs. The impact of the COVID-19 pandemic
further underscores the need for adaptive policies in higher education.

Despite data limitations, the findings contribute to a deeper understanding of how
economic factors influence higher education demand, providing a foundation for future re-

search and policy development.
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Appendices

Annex A

Table 15-Description of variables of interest

Variable

Description

| year

Reference year

worker_num

Worker identification number

female Dummy variable for worker gender: 1 if female, O if male
age Worker age

tenure Tenure: years of experience in the current company

ctpro Professional category

stpro Situation in the profession

Ype_contract Type of contract

reg_dnr Work duration regime

ctrem Remuneration control

base_mwage Base wage paid (in euros)

reg_benefits Regular benefits

base_wage_level

Monthly base wage scale

opi

Consumer price index for Portugal between 2010 and 2021 (base
year: 2012)

r_base_mwage

Real monthly base wage (in euros)

r_h_base_wage

Real houtly base wage (in euros)

log_rbwageh

Logarithm of real houtly base wage

r_total_wage

Real monthly total wage (in euros)

r_h_total_wage

Real hourly total wage (in euros), being total wage the base wage
plus the regular benefits

log_rtwageh

Logarithm of real houtly total wage

normal_weekly_hours

Normal weekly working period

nor-
mal_paid_monthly_h
ours

Normal paid monthly hours

supleni_paid_monthly

_hours

Additional paid monthly hours

habill Educational qualifications (1 digit)
habil2 Educational qualifications (2 digits)
habil Educational qualifications

ngual Qualification level

Educational level:

Dummy variables for highest educational level completed by the
worker
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second-

ary_postsec
bachelor

masters

vV

Bachelot's degree
Master's degree

Secondary education and non-tertiary post-secondary education level

higher_educ

Dummy variable that equals 1 if a person has either a bachelot's or a
mastet's degree

cnaef_codes_study_are

a Study area code according to CNAEF (2 digits)

cnaef_study_area

Study area according to CNAEF

isced_codes_study_are

a Study area code according to ISCED (2 digits)

isced_study_area

Study area according to ISCED

Source: Quadros de Pessoal

Table 16- Detailed field descriptions of CNAEF study fields

Major Groups

Fields of Study

Areas of Education and Training

0. General Programs

01. Basic Programs

010. Basic Programs

08. Literacy 080. Literacy
09. Personal Devel-
opment 090. Personal Development

1. Education

14. Teacher Training
and Education Sci-
ences

140. Teacher Training and Education
Sciences (*)

142. Educational Sciences

143. Early Childhood Educator Training
144. Primary and Secondary Education
Teacher Training (1st and 2nd cycles)
145. Specific Subject Teacher Training
146. Vocational and Technical Teacher
Training

149. Teacher Training and Educational
Sciences — programs not classified else-
where

2. Arts and Humanities

21. Arts

22. Humanities

210. Arts (*)

211. Fine Arts

212. Performing Arts

213. Audio-visual and Media Production
214. Design

215. Craft
219. Arts — programs not classified else-
where

220. Humanities (*)
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221. Religion and Theology

222. Foreign Languages and Literatures
223. Mother Tongue and Literature
225. History and Archaeology

226. Philosophy and Ethics
229. Humanities — programs not classi-
fied elsewhere

3. Social Sciences, Busi-
ness, and Law

31. Social and Be-

havioural Sciences

32. Information and
Journalism

34. Business Sciences

38. Law

310. Social and Behavioural Sciences (*)
311. Psychology

312. Sociology and Other Studies

313. Political Science and Citizenship

314. Economics
319. Social and Behavioural Sciences —
programs not classified elsewhere

320. Information and Journalism (*)

321. Journalism and Reporting

322. Library, Archive, and Documenta-
tion (LAD)

329. Information and Journalism — pro-
grams not classified elsewhere

340. Business Sciences (*)

341. Trade

342. Marketing and Advertising

343. Finance, Banking, and Insurance
344. Accounting and Taxation

345. Management and Administration
346. Secretariat and Administrative Work

347. Organization/Company Framework
349. Business Sciences — programs not
classified elsewhere

380. Law

4. Science, Mathemat-
ics, and Computing

42. Life Sciences

44. Physical Sciences

420. Life Sciences (*)
421. Biology and Biochemistry

422. Environmental Sciences
429. Life Sciences — programs not clas-
sified elsewhere

440. Physical Sciences (*)
441. Physics
442. Chemistry

443, Earth Sciences
449. Physical Sciences — programs not
classified elsewhere
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46. Mathematics and
Statistics

48. Computer science

460. Mathematics and Statistics (*¥)

461. Mathematics

462. Statistics

469. Mathematics and Statistics — pro-
grams not classified elsewhere

480. Computing (*¥)

481. Computer Science

482. User-Oriented Computing

489. Computing — programs not classi-
fied elsewhere

5. Engineering, Manu-
facturing, and Con-
struction

52. Engineering and
Related Techniques

54. Transforming In-
dustries

58. Architecture and
Construction

520. Engineering and Related Tech-
niques (*)

521. Metallurgy and Metalworking
522. Electricity and Energy

523. Electronics and Automation

524. Chemical Process Technology
525. Vehicle Construction and Repair
529. Engineering and Related Tech-
niques — programs not classified else-
where

540. Transforming Industries (*)

541. Food Industties

542. Textile, Clothing, Footwear, and
Leather Industries

543. Materials (wood, cork, paper, plas-
tic, glass, and other industries)

544, Extractive Industries

549. Transforming Industries — pro-
grams not classified elsewhere

580. Architecture and Construction (¥)
581. Architecture and Urban Planning

582. Civil Engineering and Construction
589. Architecture and Construction —
programs not classified elsewhere

6. Agriculture

62. Agriculture, For-
estry, and Fisheries

620. Agriculture, Forestry, and Fisheries
)

621. Agricultural and Animal Production
622. Floriculture and Gardening

623. Forestry and Hunting

624. Fisheries
629. Agriculture, Forestry, and Fisheries
— programs not classified elsewhere
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64. Veterinary Sci-
ences

640. Veterinary Sciences

7. Health and Social
Protection

72. Health

76. Social Services

720. Health (*)

721. Medicine

723. Nursing

724. Dental Sciences

725. Diagnostic and Therapeutic Tech-
nologies

726. Therapy and Rehabilitation

727. Pharmaceutical Sciences

729. Health — programs not classified
elsewhere

760. Social Services (*)

761. Child and Youth Care Services
762. Social Work and Counselling

769. Social Services — programs not
classified elsewhere

8. Services

81. Personal Services

84. Transport Ser-
vices

85. Environmental
Protection

86. Security Services

810. Personal Services (*)
811. Hospitality and Catering
812. Tourism and Leisutre
813. Sports

814. Domestic Services

815. Beauty Care
819. Personal Services — programs not
classified elsewhere

840. Transport Services

850. Environmental Protection (¥)

851. Environmental Protection Technol-
ogy

852. Natural Environments and Wildlife

853. Public Health Services
859. Environmental Protection — pro-
grams not classified elsewhere

860. Security Services (*)
861. Protection of Persons and Property
862. Occupational Health and Safety

863. Military Security
869. Security Services — programs not
classified elsewhere

9. Unknown or Unspec-
ified

99. Unknown or
Unspecified

999. Unknown or unspecified

Note: (*) Transversal programs, in which the "0" should be used in the third posi-

tion.
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Source: Ordinance No. 256/2005, of March 16 (Ministério das Actividades
Econémicas e do Trabalho, 2005)

Table 17- Detailed field descriptions of ISCED study fields

Broad Field

Narrow Field

Detailed Field

00 Generic pro-
grammes and
qualifications

000 Generic programmes and qual-
ifications not further defined
001 Basic programmes and qualifi-

cations

002 Literacy and numeracy
003 Personal skills and develop-

ment

009 Generic programmes and qual-
ifications not elsewhere classified

0000 Generic programmes and
qualifications not further defined
0011 Basic programmes and qualifi-

cations

0021 Literacy and numeracy

0031 Personal skills and develop-
ment

0099 Generic programmes and
qualifications not elsewhere classi-

fied

01 Education

011 Education

018 Inter-disciplinary programmes
and qualifications involving educa-
tion

0110 Education not further defined

0111 Education science

0112 Training for pre-school teach-
ers

0113 Teacher training without sub-
ject specialisation

0114 Teacher training with subject
specialisation

0119 Education not elsewhere clas-
sified

0188 Inter-disciplinary programmes
and qualifications involving educa-
tion

02 Arts and hu-

manities

020 Arts and humanities not fur-
ther defined

021 Arts

022 Humanities (except languages)

0200 Arts and humanities not fur-
ther defined

0210 Arts not further defined
0211 Audio-visual techniques and
media production

0212 Fashion, intetior and indus-
trial design

0213 Fine arts

0214 Handicrafts

0215 Music and performing arts
0219 Arts not elsewhere classified
0220 Humanities (except languages)
not further defined

0221 Religion and theology

0222 History and archaeology
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023 Languages

028 Inter-disciplinary programmes
and qualifications involving arts
and humanities

029 Arts and humanities not else-
where classified

0223 Philosophy and ethics

0229 Humanities (except languages)
not elsewhere classified

0230 Languages not further defined
0231 Language acquisition

0232 Literature and linguistics

0239 Languages not elsewhere clas-
sified

0288 Inter-disciplinary programmes
and qualifications involving arts and
humanities

0299 Arts and humanities not else-
where classified

03 Social sci-
ences, journalism
and information

030 Social sciences, journalism and
information not further defined

031 Social and behavioural sciences

032 Journalism and information

038 Inter-disciplinary programmes
and qualifications involving social
sciences, journalism and infor-
mation

039 Social sciences, journalism and
information not elsewhere classi-

fied

0300 Social sciences, journalism and
information not further defined
0310 Social and behavioural sci-
ences not further defined

0311 Economics
0312 Political sciences and civics
0313 Psychology

0314 Sociology and cultural studies
0319 Social and behavioural sci-
ences not elsewhere classified
0320 Journalism and information
not further defined

0321 Journalism and reporting
0322 Library, information and ar-
chival studies

0329 Journalism and information
not elsewhere classified

0388 Inter-disciplinary programmes
and qualifications involving social
sciences, journalism and infor-
mation

0399 Social sciences, journalism and
information not elsewhere classified

04 Business, ad-
ministration and
law

040 Business, administration and
law not further defined

041 Business and administration

0400 Business, administration and
law not further defined

0410 Business and administration
not further defined

0411 Accounting and taxation
0412 Finance, banking and insur-
ance

0413 Management and administra-
tion
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042 Law

048 Inter-disciplinary programmes
and qualifications involving busi-
ness, administration and law

049 Business, administration and
law not elsewhere classified

0414 Marketing and advertising
0415 Secretarial and office work
0416 Wholesale and retail sales

0417 Work skills
0419 Business and administration
not elsewhere classified

0421 Law

0488 Inter-disciplinary programmes
and qualifications involving busi-
ness, administration and law

0499 Business, administration and
law not elsewhere classified

05 Natural sci-
ences, mathemat-
ics and statistics

050 Natural sciences, mathematics
and statistics not further defined

051 Biological and related sciences

052 Environment

053 Physical sciences

054 Mathematics and statistics

058 Inter-disciplinary programmes
and qualifications involving natural
sciences, mathematics and statistics
059 Natural sciences, mathematics
and statistics not elsewhere classi-

fied

0500 Natural sciences, mathematics
and statistics not further defined
0510 Biological and related sciences
not further defined

0511 Biology

0512 Biochemistry

0519 Biological and related sciences
not elsewhere classified

0520 Environment not further de-

fined

0521 Environmental sciences
0522 Natural environments and
wildlife

0529 Environment not elsewhere
classified

0530 Physical sciences not further
defined

0531 Chemistry
0532 Earth sciences

0533 Physics

0539 Physical sciences not else-
where classified

0540 Mathematics and statistics not
further defined

0541 Mathematics

0542 Statistics

0588 Inter-disciplinary programmes
and qualifications involving natural
sciences, mathematics and statistics
0599 Natural sciences, mathematics
and statistics not elsewhere classi-

fied
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06 Information
and Communica-
tion Technologies

(ICTs)

061 Information and Communica-
tion Technologies (ICTs)

068 Inter-disciplinary programmes
and qualifications involving Infor-
mation and Communication Tech-

nologies (ICT5s)

0610 Information and Communica-
tion Technologies (ICT's) not fur-
ther defined

0611 Computer use

0612 Database and network design
and administration

0613 Software and applications de-
velopment and analysis

0619 Information and Communica-
tion Technologies (ICTs) not else-
where classified

0688 Inter-disciplinary programmes
and qualifications involving Infor-
mation and Communication Tech-
nologies (ICTs)

07 Engineering,
manufacturing
and construction

070 Engineering, manufacturing

and construction not further de-
fined

071 Engineering and engineering
trades

072 Manufacturing and processing

073 Architecture and construction

0700 Engineering, manufacturing
and construction not further de-
fined

0710 Engineering and engineering
trades not further defined

0711 Chemical engineering and
processes

0712 Environmental protection
technology

0713 Electricity and energy
0714 Electronics and automation

0715 Mechanics and metal trades
0716 Motor vehicles, ships and air-
craft

0719 Engineering and engineering
trades not elsewhere classified

0720 Manufacturing and processing
not further defined

0721 Food processing

0722 Materials (glass, paper, plastic
and wood)

0723 Textiles (clothes, footwear
and leather)

0724 Mining and extraction

0729 Manufacturing and processing
not elsewhere classified

0730 Architecture and construction
not further defined

0731 Architecture and town plan-
ning

0732 Building and civil engineering
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078 Inter-disciplinary programmes
and qualifications involving engi-
neering, manufacturing and con-
struction

079 Engineering, manufacturing
and construction not elsewhere
classified

0788 Inter-disciplinary programmes
and qualifications involving engi-
neering, manufacturing and con-
struction

0799 Engineering, manufacturing
and construction not elsewhere
classified

08 Agriculture,
forestry, fisheries
and veterinary

080 Agriculture, forestry, fisheries
and veterinary not further defined

081 Agriculture

082 Forestry
083 Fisheries

084 Veterinary

088 Inter-disciplinary programmes
and qualifications involving agricul-
ture, forestry, fisheries and veteri-
nary

089 Agriculture, forestry, fisheries
and veterinary not elsewhere classi-

fied

0800 Agriculture, forestry, fisheries
and veterinary not further defined
0810 Agriculture not further de-
fined

0811 Crop and livestock production
0812 Horticulture

0819 Agriculture not elsewhere
classified

0821 Forestry
0831 Fisheries

0841 Veterinary

0888 Inter-disciplinary programmes
and qualifications involving agricul-
ture, forestry, fisheries and veteri-
nary

0899 Agriculture, forestry, fisheries
and veterinary not elsewhere classi-

fied

09 Health and

welfare

090 Health and welfare not further
defined

091 Health

092 Welfare

0900 Health and welfare not further
defined

0910 Health not further defined
0911 Dental studies

0912 Medicine

0913 Nursing and midwifery

0914 Medical diagnostic and treat-
ment technology

0915 Therapy and rehabilitation
0916 Pharmacy

0917 Traditional and complemen-
tary medicine and therapy

0919 Health not elsewhere classi-
fied

0920 Welfare not further defined
0921 Care of the elderly and of dis-
abled adults

0922 Childcare and youth services
0923 Social work and counselling

0929 Welfare not elsewhere classi-
fied
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098 Inter-disciplinary programmes | 0988 Inter-disciplinary programmes
and qualifications involving health |and qualifications involving health
and welfare and welfare
099 Health and welfare not else- 0999 Health and welfare not else-
where classified where classified
10 Services 100 Services not further defined 1000 Services not further defined
1010 Personal services not further
101 Personal services defined
1011 Domestic services
1012 Hair and beauty services
1013 Hotel, restaurants and catering
1014 Sports
1015 Travel, tourism and leisure
1019 Personal services not else-
where classified
102 Hygiene and occupational 1020 Hygiene and occupational
health services health services not further defined
1021 Community sanitation
1022 Occupational health and
safety
1029 Hygiene and occupational
health services not elsewhere classi-
fied
1030 Security services not further
103 Security services defined
1031 Military and defence
1032 Protection of persons and
property
1039 Security services not else-
where classified
104 Transport services 1041 Transport services
108 Inter-disciplinary programmes
and qualifications involving ser- 1088 Inter-disciplinary programmes
vices and qualifications involving services
109 Services not elsewhere classi- | 1099 Services not elsewhere classi-
fied fied
99 Field un-
known 999 Field unknown 9999 Field unknown

Source:(UNESCO Institute for Statistics, 2015)

Table 18-Description of variables of interest-second part

Variable

Description

vacancies

Initial vacancies of each course
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placed

Students placed in each course

grade Grade of the last classified student of each course

leftovers Number of vacancies left for 2nd phase of each course
year Reference year

studyfield Field of study field of each course (CNAEF classification)

cnaef_codes_study_are

a

Study area code according to CNAEF (2 digits)

grade_mean

Average grade per study field

vacancies._total

Total vacancies per study field

leftovers_total

Total vacancies left for 2nd phase per study field

unemployment_pro-
pensity

Unemployment rate of recent graduates per study field

average_wage

Average wage per study field

women_proportion

Proportion of women compared to men in each study field

wage_preminm

Wage premium of higher education in each study field

wage_preminm_5years

Wage premium of higher education in each study field in the last 5

years

unemploy-

ment_last_year

Unemployment rate of recent graduates per study field in the pre-

vious year

Source: DGES data from the General Access Regime, Quadros de Pessoal and

Brighter Future

(DGES-Direcao Geral do Ensino Superior, n.d.) (Fundagao Belmiro de Azevedo,
2024) (GEP - Gabinete de Estratégia e Planeamento, n.d.)
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