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Summary
In this dissertation, we examined the extensive dataset from Columbus, an online self-
exploration tool that supports students in the transition from secondary to higher education.
The research offered an integrated approach, incorporating both cognitive and non-cognitive
factors to study educational outcomes such as academic success, dropout, and reorientation.
From various theoretical perspectives, the aim was to provide a holistic view of how these
factors influence students’ academic study paths in higher education. This dissertation,
consisting of five empirical chapters, covers a broad range of topics, from the validation of a
cognitive test to applied research on study paths and alignment with the labor market. By
linking test validation to practical applications in the context of higher education and career
transitions, this study provides both scientifically grounded and practically relevant insights.

The first objective of this dissertation was to validate a non-verbal fluid intelligence
test. Chapter 2 addresses the validation of the non-verbal reasoning test, Rules.

The second objective was to identify various student profiles among first-year students
(Chapter 3) and examine the relationship with background characteristics (sex, socio-
economic status, secondary education track) and study outcomes (study progress, timely
graduation, dropout) using person-centered techniques. Six student profiles were identified
through latent profile analyses on both cognitive and non-cognitive scales: Broadly Interested
Cognitives, Enterprising Conventionals, Socially Skilled Self-Regulators, Low Cognitives
Low Interested, Realistic High Cognitives, and Artistic Non-Regulators. The Socially Skilled
Self-Regulators demonstrated the best study outcomes.

The third objective of this dissertation was to investigate the role of cognitive and non-
cognitive factors in predicting dropout among first-year students in academic and professional
bachelor’s programs. Chapter 4 demonstrated the importance of numerical skills, attitude,

time management, and a good interest fit between student and study program in preventing
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dropout in higher education. In professional bachelor’s programs, we observed a stronger
influence of non-cognitive factors, as well as academic language proficiency. Socio-economic
status only had a negative effect on dropout in academic bachelor’s programs.

Fourth, attention was drawn to reorientation. Chapter 5 investigated how the fit
between a student and their study program could predict reorientation and whether interest fit
and study progress rate improved after reorientation. The direction of reorientation was also
examined, particularly how closely the initial and the new study program corresponded in
terms of interest fit. The results showed that interest fit was lower for students who reoriented.
The lower the initial interest fit, the lower correspondence between the initial and new study
program. After reorientation, study progress rate improved, but interest fit declined. Academic
success largely drives reorientation, but how and toward which direction students reorient is
captured by vocational interests.

Finally, the relationship between interest profiles at the occupation level and labor
market shortages was examined. Chapter 6 shows that vocational interests explain 26% of the
variance in shortages occupations, with the realistic, artistic, and conventional dimensions
contributing the most to the prediction. Jobs characterized by the realistic and conventional
dimensions, which are more consistent and differentiated, exhibit more shortages. The
magnitude of these shortages can also be attributed to vocational interests. A clear mismatch
was found between the interest profiles of prospective students and the interest profiles in
demand on the labor market.

This dissertation contributes to research and practical insights regarding education
policy, study guidance, and (study) career transitions. Columbus is positioned here as a key
pillar in improving study performance and addressing the main challenges in higher

education.
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Samenvatting
Ga op pad: Navigeren op studiepaden in het hoger onderwijs.
In dit proefschrift onderzochten we de uitgebreide dataset van Columbus, een online
zelfexploratietool die studenten ondersteunt bij de overgang van het secundair naar het hoger
onderwijs. Het onderzoek bood een geintegreerde benadering, waarin zowel cognitieve als
niet-cognitieve factoren werden betrokken om onderwijskundige uitkomsten te bestuderen,
zoals academisch succes, studie-uitval en heroriéntatie. Vanuit verschillende theoretische
perspectieven werd ernaar gestreefd een holistisch beeld te schetsen van hoe deze factoren de
studieloopbaan van studenten in het hoger onderwijs beinvloeden. Het proefschrift dat bestaat
uit vijf empirische hoofdstukken, bestrijkt een breed scala aan onderwerpen, variérend van de
validatie van een cognitieve test tot toegepast onderzoek naar studiepaden en de aansluiting
op de arbeidsmarkt. Door testvalidatie te verbinden met praktische toepassingen in de context
van hoger onderwijs en loopbaantransities, levert deze studie zowel wetenschappelijk
gefundeerde als praktisch relevante inzichten op.
Het eerste doel van dit proefschrift was het valideren van een non-verbale fluide
intelligentietest. Hoofdstuk 2 behandelt de validatie van de non-verbale redeneertest Rules.
Het tweede doel was om verschillende studentenprofielen van eerstejaarsstudenten te
identificeren (Hoofdstuk 3) en de relatie met achtergrondkenmerken (geslacht,
sociaaleconomische status, onderwijsvorm secundair) en studie-uitkomsten (studievoortgang,
studieduur, drop-out) te onderzoeken aan de hand van persoonsgeoriénteerde technieken. Zes
studentenprofielen werden geidentificeerd door latente profielanalyses op zowel cognitieve,
als niet-cognitieve schalen: Breed Geinteresseerde Cognitieven, Ondernemende
Conventionelen, Sociaalvaardige Zelfregulerenden, Laag Cognitieven Laag Geinteresseerden,
Realistisch Hoog Cognitieven en Artistieke Niet-Regulerenden. De Sociaalvaardige

Zelfregulerenden vertoonden de beste studie-uitkomsten.
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Het derde doel van deze dissertatie was het onderzoeken van de rol van cognitieve en
niet-cognitieve factoren bij het voorspellen van drop-out bij eerstejaarsstudenten in
academische en professionele bachelors. In Hoofdstuk 4 werd het belang aangetoond van
numerieke vaardigheden, attitude, tijdsbeheer en goede interesse fit tussen student en
studierichting bij uitvalpreventie in het hoger onderwijs. Bij professionele bachelors zagen we
een sterkere invloed van niet-cognitieve factoren, evenals van academische taalvaardigheid.
Sociaaleconomische status had enkel een negatief effect op uitval bij academische bachelors.

Als vierde werd de aandacht gevestigd op heroriéntatie. In Hoofdstuk 5 werd
onderzocht hoe de fit tussen een student en een studierichting heroriéntatie kon voorspellen en
of interesse fit en studiesucces verbeterden na heroriéntatie. Er werd ook gekeken naar de
richting van heroriéntatie en hoe sterk de initi€le en nieuwe studierichting correspondeerden
op vlak van interesse fit. De resultaten toonden aan dat interesse fit lager was voor studenten
die heroriénteerden. Hoe lager de initiéle interesse fit, hoe minder overeenkomsten tussen de
initi€le richting en de nieuwe studierichting. Na heroriéntatie nam het studiesucces toe, maar
de interesse fit daalde. Studiesucces is grotendeels verantwoordelijk voor heroriéntatie, maar
hoe en naar welke richting studenten heroriénteren, wordt gecapteerd door vocationele
interesses.

Tot slot werd de relatie tussen interesseprofielen op jobniveau en arbeidsmarkttekorten
onderzocht. Hoofdstuk 6 toont aan dat vocationele interesses 26% van de variantie verklaren
van knelpuntberoepen, waarbij de praktische, artistiecke en conventionele dimensie het sterkst
bijdragen aan de voorspelling. Jobs gekenmerkt door de realistische en conventionele
dimensie, en die meer consistent en gedifferentieerd zijn, vertonen meer tekorten. Ook de
omvang van deze tekorten kan worden toegeschreven aan vocationele interesses. Er werd een
duidelijke mismatch gevonden tussen interesseprofielen van toekomstige studenten en

interesseprofielen die op de arbeidsmarkt worden gevraagd.
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Dit proefschrift draagt bij aan onderzoek en praktische inzichten omtrent
onderwijsbeleid, studiebegeleiding en (studie)loopbaantransities. Columbus wordt hierbij
gepositioneerd als een belangrijke pijler voor het verbeteren van studieprestaties en het

aanpakken van de belangrijkste uitdagingen in het hoger onderwijs.






CHAPTER 1

Chapter 1. General Introduction



INTRODUCTION 2

The transition from secondary to higher education is a critical and often challenging
phase for students (OECD, 2022). The higher education system in Flanders, the northern
region of Belgium, is publicly funded, encompassing five research universities and sixteen
professionally oriented university colleges. This structure has promoted widespread access to
higher education with few formal admission requirements and low tuition fees, contributing to
the region's high levels of higher education attainment (OECD, 2021). In 2020, 51% of
Flemish residents aged 25 to 34 held a tertiary qualification, surpassing the OECD average of
45% and the EU-27 average of 41% (OECD, 2021; Eurostat, 2021). The Flemish higher
education system generally operates within an open-access system, where individuals who
have completed upper secondary education can enroll in higher education in their chosen
field. Exceptions apply only to disciplines like performing and visual arts, medicine,
veterinary medicine and dentistry, where entrance exams or enrolment limits are in place.
Students also enjoy flexibility in determining the number of ECTS credits' they take each
year. While this open access system and flexible enrollment options enhance educational
accessibility, they also contribute to longer average times for Flemish students to complete
their degrees, compared to OECD countries with more selective admissions and structured
programs (OECD, 2021). The average academic success rate of first-generation students in
either professionally or academically oriented bachelor's programs was 63% during the 2022-
2023 academic year (Statistiek Vlaanderen, 2024a). Only about one-third of students finish
their bachelor’s degrees within the prescribed three-year timeframe, one of the lowest on-time

graduation rates among OECD nations (OECD, 2019; Statistiek Vlaanderen, 2024b). After an

! The European Credit Transfer and Accumulation System (ECTS) supports the recognition and transfer of
credits between universities and colleges, allowing students to apply credits earned at one institution toward a
degree at another. These credits represent both the learning outcomes achieved and the corresponding workload
(European Commission, 2021).
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additional three years, however, the completion rate rises to around two-thirds. Nonetheless,
dropout rates and extended time-to-degree remain significant policy concerns for the Flemish
government (Flemish Government, 2019). Sixteen percent of students who began a bachelor's
program in the 2021-2022 academic year left after one year of study without obtaining a
degree. The overall dropout rate for students who started a bachelor's program in 2018-2019
stands at 26% (Statistiek Vlaanderen, 2024c).

Students are responsible for making well-informed study choices from a wide range of
options, a process that can be overwhelming and contribute to high dropout and low success
rates (Fonteyne, 2017; Schelfthout, 2019). To enhance students' academic pathways, it is
advisable to provide sufficient support throughout the demanding process of study
(re)orientation and remediation prior to higher education (Fonteyne, 2017; Schelthout, 2019).
Therefore, the Flemish government took the initiative to develop an online, non-binding self-
exploration tool, Columbus, to guide the study choice process in the final years of secondary
education (Demulder et al., 2020). Columbus assists prospective students in exploring study
paths that match their cognitive and non-cognitive abilities, such as motivation and
mathematical skills, as well as their interests.

The social relevance of effective study (re)orientation during the transition from
secondary to higher education is critical. Improving the process of making informed study
choices is essential, given the substantial financial investment required in education (OECD,
2022). While higher education in Flanders remains accessible with a relatively modest annual
tuition fee, excluding scholarships, the hidden costs of incorrect study choices and subsequent
dropout are significant (OECD, 2022). Furthermore, as Flanders increasingly evolves into a
knowledge based economy, the alignment between education, training, and labor market

demands becomes more vital. Research plays a pivotal role in understanding the current state
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of study orientation and identifying areas for improvement, ensuring that appropriate
interventions can be made.

The present dissertation leverages newly gained conceptual and methodological
insights from the literature, applied to Columbus data, to enhance the tool and improve
students’ academic pathways. This research addresses gaps in the literature while contributing
to practical educational implications. The dissertation comprises six chapters: a general
introduction (Chapter 1), five empirical studies (Chapters 2 to 6), and a general discussion
(Chapter 7). The empirical chapters focus on distinct aspects of Columbus, with the aim of
refining its functionality and accuracy for the benefit of both students and society.
Specifically, Chapter 2 explores the cognitive component and contributes to validating the
non-verbal reasoning test, Rules. Chapters 3 and 4 examine the overarching cognitive and
non-cognitive interplay. Chapter 3 identifies different student profiles in higher education
based on cognitive and non-cognitive skills through a person-centered approach and their
association with student variables and study outcomes. Chapter 4 investigates cognitive and
non-cognitive influences on higher education dropout in academic bachelors compared to
professional bachelors. Chapters 5 and 6 focus on the interest component. Chapter 5 discusses
the concept of reorientation and how vocational interests play a role in this educational path.
Lastly, Chapter 6 is an applied study about the impact of vocational interest at occupational
level on shortage occupations and the (mis)match between interest supply of prospective
workforce (students) and interest demand on the labor market. This chapter extends the focus
of Columbus beyond higher education into broader societal and economic contexts. It
emphasizes that study orientation and career orientation are not distinct processes, but part of
a lifelong learning continuum. The chapter highlights the necessity of viewing educational
pathways in connection with future career trajectories and workforce readiness. By integrating

Chapter 6, the dissertation addresses the broader intellectual question of how societal and
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economic changes, such as shifts in labor market demands, influence students' decisions not
only during higher education but across their lives.
The Columbus Project

To guide prospective students through the study choice process and enhance their self-
reflection, the Columbus tool (www.onderwijskiezer.be/columbus) was created as an
exploratory tool in their final years of secondary education (Demulder et al., 2020). This
online self-assessment and feedback tool, created at the request of the Ministry of Education
and Training and commissioned by the Flemish University and University Colleges Council
(VLUHR), was designed by a consortium of experts from Ghent University, KU Leuven, the
University of Antwerp, and Artevelde University College in Flanders. The project was
undertaken in close consultation with the Study Choice Platform for the transition from
secondary to higher education (SOHO) of the Flemish Education Council (VLOR). The tool
is institutionally neutral, freely available to students and typically administered in schools,
providing an independent resource across various educational institutions.

Columbus is a large-scale online self-assessment and feedback tool designed to help
students in their final years of secondary education evaluate their strengths, challenges, and
potential pathways. The tool offers a series of validated tests and questionnaires focused on
study choices, self-beliefs, motivation, learning strategies, interests, as well as academic skills
like mathematics, reasoning, vocabulary and language proficiency.

The assessments are organized into four modules, representing key milestones in a
student's decision-making journey—referred to as "checkpoints" on the Columbus route. This
roadmap symbolizes the iterative nature of the study choice process, which is not a linear
pathway but rather one that students revisit throughout their educational journey.

A central starting and returning point for students is the ‘How do I Choose?’

checkpoint. Here, students are asked to rate themselves on a range of statements about their
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study choice process, such as: "I have looked at brochures or websites of different study
programs". This checkpoint gauges the student's awareness of the need to make a study
choice, their reflection on personal skills, their exploration of general or specific information
about higher education, their proximity to making a decision, and the degree of commitment
to their choice.

The “Who am I?° checkpoint invites students to assess themselves on statements
related to self-image, motivation, and various study skills such as information processing and
organization. Examples include: "I panic when I have an important exam”, "I only study
things I enjoy”, "I tend to procrastinate studying too often".

In the ‘“What are my Interests?” checkpoint, we explore students' vocational interests in
professional activities and career options.

The final checkpoint, ‘What are my Abilities?’, maps out key cognitive abilities in
areas such as mathematics, reasoning, vocabulary and academic language proficiency.

Upon completion of the assessments, students receive personalized feedback through
an online feedback module. This feedback helps them reflect on their results in relation to
their peers and provides recommendations for improvement. The follow-up process is
supported by teachers and guidance counselors from the Centers for Student Counseling
(CLB), who are professionally trained to work with the results and the online feedback. With
a view to professionalization, the project provides a number of tools to handle the results and
the online feedback allowing them to provide context-specific feedback at the level of the
individual student making a study choice. Rather than providing a positive or negative
judgement, Columbus offers students comprehensive insights into various components that

might influence their academic achievement. This approach allows students to take informed

responsibility for their study choice decisions.
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Since its launch in the 2016-2017 school year, Columbus has reached up to 25,000
students annually, with a total of more than 155,000 students having used the tool over the
past seven academic years. It serves as a valuable resource for helping students navigate their
study choices and transition successfully into higher education (Demulder et al., 2020).

The present dissertation uses data from multiple Columbus cohorts to conduct an in-
depth exploration of its effectiveness and implications. This study provides a comprehensive
analysis of Columbus as a tool for study orientation, offering insights that contribute to both
research and educational practice across various domains. The cognitive component of
Columbus, 'What are my abilities?' is examined in Chapter 2. This is followed by an
exploration of a more holistic view with the cognitive aspects and non-cognitive components
together, such as "Who am [?' and 'What are my interests?' in Chapters 3 and 4. Chapters 5 and
6 focus on applied studies related to vocational interests.

Cognitive Abilities

Cognitive abilities are widely recognized as a crucial factor in determining study
success, particularly within the context of higher education. Intelligence, as a fundamental
component of cognitive abilities, is consistently highlighted as one of the most pivotal
determinants of academic achievement (Roth et al., 2015). Given the complexity of higher
education and the demands it places on students, an accurate assessment of cognitive abilities
can be an essential element of the study choice process, helping to guide students toward
educational pathways that align with their competences.

Academic achievement has traditionally been examined through the lens of cognitive
abilities, with cognitive skills being a primary focus in educational research. Psychometric
assessments, which measure cognitive abilities, are commonly used to quantify the extent of
an individual's competence in learning and processing information (Gottfredson, 1997). Such

assessments not only provide insight into how well students can perform academically but
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also into their capacity to acquire new knowledge and skills effectively. Cognitive abilities
play a significant role in shaping an individual's learning process, as those with higher levels
of intelligence demonstrate a propensity for quicker learning and greater information retention
(Derue et al., 2012).

In educational settings, cognitive abilities are particularly relevant for managing the
complexity of tasks that require advanced information processing. Individuals with higher
cognitive abilities are better equipped to navigate academic environments that demand
multitasking, critical thinking, and problem-solving (Gottfredson, 1997). This capacity to
manage cognitive complexity is especially critical in higher education, where students must
engage with challenging material, adapt to new learning contexts, and solve novel problems.
Intelligence research supports this view, indicating that cognitive abilities are key predictors
of academic success (Laidra et al., 2007; Roth et al., 2015; Mammadov, 2021).

Cognitive abilities are often categorized into two main types: fluid and crystallized
intelligence. Fluid intelligence refers to the capacity to reason abstractly, solve novel
problems, and recognize patterns, while crystallized intelligence encompasses the
accumulation of knowledge and skills acquired over time (Kyllonen & Kell, 2016). Both
types of intelligence are critical in the context of higher education, where students must apply
both previously learned knowledge and adapt to unfamiliar academic challenges. Research
has shown that fluid intelligence, in particular, is moderately correlated with academic skills
such as reading and mathematics, further underscoring its importance in predicting academic
achievement and attainment (Peng et al., 2019).

Although the cognitive component of Columbus (What are my abilities?) shares
similarities with high-stakes selection and admission tests, it differs in a key aspect. Unlike
these tests, which often aim to identify top-performing students, Columbus is designed to

pinpoint those who are highly likely to lack the skills needed to succeed in their first year of
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higher education. This approach aligns with Flanders' open access policy, prioritizing the
assessment of fundamental abilities and ensuring high predictive accuracy, particularly in
minimizing false negative, however non-binding, advice. Cognitive abilities are central to the
process of study orientation and play a significant role in determining the likelihood of
academic achievement in higher education. As demonstrated by various studies, intelligence
and cognitive skills are not only predictors of academic performance but also crucial factors
in guiding students through the study choice process, thereby influencing their educational
trajectories (Schneider & Preckel, 2017). As such, understanding the role of cognitive abilities
in education can help both educators and students navigate the complexities of higher
education more effectively.

In Chapter 2, the present dissertation investigates the validity of ‘Rules’, a free non-
verbal reasoning test included in the cognitive test battery of Columbus.

Non-Verbal Reasoning

In today's higher education landscape, characterized by open access and increasing
student enrollments, supporting students in making informed academic choices is essential to
minimize dropout rates (Fonteyne, 2017). Intelligence, particularly fluid intelligence, is
recognized as a significant predictor of academic achievement (Roth et al., 2015).

However, traditional intelligence assessments are often costly and time-consuming,
which can result in participant fatigue and engagement issues (Ackerman & Kanfer, 2009). To
address these limitations, a novel public-domain non-verbal reasoning test, Rules, was
developed. This test focuses on fluid intelligence, specifically targeting reasoning skills while
aiming to reduce cultural and gender biases, limiting testing time and making it more
accessible. Rules is deliberately designed to differentiate at the lower end of the ability
spectrum. The goal from an orientation standpoint is to assess basic reasoning skills to enter

higher education and identify individuals who lack these foundational abilities.
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In Chapter 2, we evaluate the psychometric properties the non-verbal reasoning test,
Rules. Rules is a public domain (i.e., free public use) measure for fluid intelligence. Rules
includes both inclusion and deduction items. To analyze the test structure, we applied
confirmatory multidimensional item response theory (MIRT) models. Construct validity was
explored by administering both Rules and Raven's 2 Progressive Matrices Short Screener to
participants. Additionally, we collected scores from standardized mathematics and language
proficiency tests to evaluate predictive validity. While the test does not aim to offer a
complete measure of intelligence (or 'g"), it seeks to evaluate a key aspect of cognitive ability.
Non-Cognitive Skills

Academic success is frequently explored from the perspective of cognitive abilities,
particularly focusing on intelligence. However, there is growing recognition that cognitive
skills alone do not provide a complete picture (McGrew, 2021). Recent studies highlight the
critical role of non-cognitive factors such as motivation, self-efficacy, and personal interests
in academic outcomes. Even after controlling for intelligence and personality traits,
motivational factors continue to explain a significant portion of the variance in achievement
(Lavrijsen et al., 2022). In fact, a meta-analysis by Richardson et al. (2012) underscores that
academic self-efficacy is among the most reliable predictors of success. Study exploration
tools such as Columbus aim to address both cognitive and non-cognitive skills, as these
factors collectively influence academic achievement in higher education (Richardson et al.,
2012; Van Rooij et al., 2017; Fonteyne et al., 2017; Schelfhout et al., 2022).

Numerous studies demonstrate that non-cognitive skills offer additional predictive
power beyond traditional cognitive assessments when forecasting academic performance and
student retention (Robbins et al., 2004; Bowman et al., 2019). These factors not only help
identify at-risk students but also those who might underperform or drop out (Fonteyne et al.,

2014; Aina et al., 2022; Schelfhout et al., 2022). Notably, some high-achieving students fail
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academically, while others with lower cognitive abilities persist and succeed, suggesting that
cognitive measures do not entirely account for academic outcomes (Komarraju et al., 2013).
This is particularly evident in higher education, where correlations between cognitive abilities
and academic performance tend to weaken (Boekaerts, 1995), possibly due to restricted
access environments (Richardson et al., 2012). In contrast, this study examines an open-
access higher education system, allowing for a broader range of cognitive abilities to be
explored.

Research consistently shows that non-cognitive factors, such as academic self-
efficacy, add incremental validity to traditional cognitive measures in predicting both
academic success and retention (Robbins et al., 2004; Richardson et al., 2012). Students with
high self-efficacy tend to set ambitious goals, persevere through challenges, achieve higher
grades, and have lower dropout rates (Richardson et al., 2012; Behr et al., 2020; Sedlacek,
2011). Similarly, academic self-concept, which refers to students’ self-perception in an
academic setting, is shown to be reciprocally related to academic achievement (Huang, 2011).

Motivation is another key non-cognitive factor, as students with higher motivation
take more responsibility for their learning, leading to better academic outcomes (Fong et al.,
2017; Lee & Choi, 2011; Morris et al., 2005). A positive academic attitude further supports
engagement and lowers dropout rates (Mikinen et al., 2004). Effective self-regulation enables
students to manage their study habits and persist through challenges, while poor self-
regulation and time management often lead to academic struggles, particularly in the first year
of higher education (Dent & Koenka, 2016; Steel, 2007; Van Bragt et al., 2011; Vermunt &
Donche, 2017; Kitsantas et al., 2008; Wintre et al., 2011).

Although research objectives are frequently examined using a variable-centered
approach, recent years have highlighted the significance of not just analyzing individual traits

independently, but also understanding how these traits combine or form patterns within
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individuals (Hickendorff, 2018). This person-centered approach has become more prominent
in psychological research, providing important insights by categorizing groups, with both
theoretical and practical implications (Spurk et al., 2020).

Vocational Interests

While non-cognitive skills such as motivation and self-regulation are often
highlighted, vocational interests, though frequently overlooked, have emerged as significant
predictors of work and life outcomes beyond personality traits (Stoll et al., 2020), warranting
further attention in educational and career development research.

Students’ choice of a higher education program is often linked to their vocational
interests (Rounds & Su, 2014; Stoll et al., 2017; Schelfhout et al., 2021). Research indicates
that a strong alignment between a student's vocational interests and the educational
environment can lead to greater persistence (Allen & Robbins, 2008) and higher graduation
rates (Allen & Robbins, 2010). Vocational interests are generally considered the most
important factor in study program selection (Nye et al., 2012; Pinxten et al., 2015), accounting
for up to 70% of the variation in students' choices (Nye et al., 2012; Rounds & Su, 2014;
Schelfhout et al., 2019; Stoll et al., 2017).

Vocational interests are often classified and interpreted using influential frameworks
such as Holland’s RIASEC model (1997). Holland’s RTASEC model, which categorizes
interests into six dimensions (Realistic, Investigative, Artistic, Social, Enterprising, and
Conventional), provides a framework for understanding how students' interests match with
different study or job environments (Holland, 1997).

The RIASEC model is particularly useful because its commensurate assessment of
interests of both persons and environments, which allows for a direct comparison between the

interests of individuals and the environments of study programs or jobs. Research has shown
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that a stronger fit between a student’s RIASEC profile and their chosen program correlates
with better performance and lower dropout rates (Holland, 1997; Nauta, 2010).

In the context of higher education, Person-Environment (PE) interest fit refers to the
degree of alignment between a student's vocational interests and the characteristics of a study
program (Kristof-Brown et al., 2005; Nye et al., 2012). Schelthout et al. (2019) found that
there is, on average, a 49% resemblance between a student’s RIASEC profile and their chosen
program’s profile. A stronger match is associated with higher satisfaction, better academic
performance (Holland, 1997; Schelfhout et al., 2022), and an increased likelihood that the
student will stick with their initial choice. Therefore, PE interest fit plays a critical role in both
guiding initial study choices and supporting academic success.

Beyond the educational setting, vocational interests are also the strongest predictors
for job choice, performance, persistence and satisfaction (Hoff et al., 2020; Van Iddekinge et
al., 2011). Orientation does not end with the choice of study in higher education. It should be
approached as an integrated process that encompasses career orientation and potential further
education, so-called lifelong learning.

The present dissertation further elucidates the impact of cognitive and non-cognitive
skills on academic achievement outcomes. Chapter 3 adopts a person-centered approach to
explore student profiles in higher education, based on cognition, motivation, self-beliefs, and
interests, and examines their relationships with student variables and study outcomes. Chapter
4 employs a variable-centered approach to predict dropout, assessing a range of cognitive and
non-cognitive factors. Chapter 5 and 6 present applied research on vocational interests,
focusing on respectively reorientation and shortage occupations.

Identifying Student Profiles in Higher Education
Many studies in the existing literature have taken a compartmentalized approach,

examining cognitive and non-cognitive factors in isolation (Kanfer et al., 2010). While some
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research has integrated these aspects (e.g., Richardson et al., 2012; Nauzeer & Jaunky, 2021),
these studies often rely on variable-centered methods, which may overlook the intricate
interactions of these factors within individuals. To address this gap, McGrew (2021)
introduced the Cognitive-Affective-Motivation Model of Learning (CAMML), a theoretical
framework that highlights the combined influence of domain-specific cognitive abilities and
personal investment factors—such as motivation, self-concept, and self-regulation—on
learning readiness. CAMML emphasizes a person-centered perspective, integrating both
cognitive and non-cognitive elements, and underscoring the role of motivation in triggering
learning, while self-regulation steers the process (McGrew, 2021). According to CAMML,
motivation and self-regulated learning, influenced by affective traits, are crucial in directing
how cognitive abilities are deployed in learning. This person-centered approach has become
increasingly prominent in psychological research, providing valuable insights by identifying
group-based profiles with both theoretical and practical relevance (Spurk et al., 2020).
However, empirical studies validating this framework are still lacking.

In Chapter 3, we empirically test the CAMML framework by exploring key elements
of McGrew's framework (2021), focusing on cognition, motivation, self-beliefs, and interests.
Using a large-scale longitudinal data project and a person-centered approach, this research
aims to identify student profiles based on both cognitive and non-cognitive variables to
understand their relationship with student variables and study outcomes. The study examines
the role of sex, socio-economic status (SES), and educational track as precursors to profile
membership. We assess how well study outcomes—such as study progress rate, timely
graduation, and dropout— provide criterion validity for the identified student profiles. This
study offers insights for more targeted interventions to address the specific needs of different

student profiles and contributing to a holistic understanding of academic achievement.
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Dropout

Despite efforts to support the study choice process, student dropout in higher
education remains a persistent issue, particularly in the first year (Chen, 2011; Lorenzo-Quiles
et al., 2023). The massification of higher education has brought about challenges, notably low
graduation rates. According to the Organization for Economic Co-operation and Development
(OECD, 2019, 2022), dropout rates in the first year of higher education range from 6% to
20%, depending on the country and institution. High dropout rates carry significant individual
and societal costs (Larsen et al., 2013). In Flanders, where most higher education institutions
operate under open-access policies with minimal entrance requirements, dropout rates tend to
be higher compared to more selective systems (Bound et al., 2010; Woodley & Simpson,
2014). 16% of all bachelor students dropped out after the first year without degree in
academic year 2021-2022 (Statistiek Vlaanderen, 2024b). This open-access context provides a
unique opportunity to examine the predictors of dropout, as students are not preselected based
on academic criteria. Prospective students face a complex decision in choosing from a variety
of available degrees, making it essential to understand the factors that influence dropout
before enrollment.

Dropout, broadly defined as leaving an institution without obtaining a degree (Larsen
et al., 2013), has been the focus of various theoretical models. One of the earliest and most
influential is Tinto’s (1975, 1988, 1997) Student Integration Model, which views dropout as a
process in which the student fails to integrate socially and academically within the institution.
More contemporary psychological models, such as that of Bean and Eaton (2000), emphasize
the importance of psychological attributes and self-assessments in predicting persistence.
According to this model, students engage in self-assessment through their interactions within

the academic environment, which can enhance self-efficacy, reduce stress, and foster internal
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attributions. These psychological processes, reinforced through social and academic
integration, increase a student’s intention to persist.

Dropout can be either voluntary, driven by financial or personal reasons, or
involuntary, resulting from academic failure. Research by Casanova et al. (2018) underscores
the significance of academic success in the first year as a key determinant of whether students
persist or drop out. However, voluntary dropout highlights the need to consider non-cognitive
factors in addition to cognitive abilities when predicting dropout risk. Psychological traits and
other non-cognitive factors have been found to predict persistence, even after accounting for
cognitive abilities and demographic variables (Robbins et al., 2004).

Socio-economic disparities are closely linked to educational inequality, which in turn
influences dropout rates (Behr et al., 2020). Students from lower socio-economic backgrounds
(SES) often face challenges when accessing higher education (James, 2007). Miiller and
Schneider (2013) highlight the influence of social origin in universities, showing that students
with higher SES are less likely to drop out. However, their research also reveals that at
universities of applied sciences, SES has a minimal effect on dropout rates but significantly
affects the likelihood of admission. Some students from disadvantaged backgrounds succeed
due to their (non-)cognitive strengths, which help mitigate the negative effects of SES (Mare,
1980; Miiller & Schneider, 2013). However, these studies did not account for cognitive
abilities or academic performance, an issue that we seek to address.

In Chapter 4, we aim to identify students at risk of dropping out by assessing a broad
range of cognitive and non-cognitive factors prior to enrollment, when academic performance
is still unknown. The focus is on predicting dropout rather than explaining this phenomenon,
aligning with the practical objective of study counseling: reducing the likelihood of dropout.
To support this prediction approach, only variables measurable before entering higher

education are used. This study compares dropout predictors between academic and
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professional bachelor programs (International Standard Classification of Education (ISCED)
level 6), aiming to differentiate dropout prevention approaches and remediation programs
(UNESCO Institute for Statistics, 2012). Although both types of education are classified at the
same ISCED level, they differ in focus: academic programs emphasize theoretical knowledge,
while professional programs prioritize practical skills. This comparison, which is rarely made,
could refine dropout models by accounting for the nature of each educational path, offering
insights for both theoretical development and practical applications (Van Rooij et al., 2017).
Reorientation

Choosing a suitable study program is a complex process, and many students struggle
with aligning their interests and abilities with the demands of their chosen program. Research
highlights that a mismatch between a student's competencies and their selected study program
is a common factor leading to academic failure. Approximately one-third of first-year students
in higher education reorient within their first three years, and over 10% drop out after their
first year (OECD, 2021; NCES, 2017). In Flanders, only one-third of students complete their
bachelor’s degrees on time, underscoring the importance of early and appropriate study
orientation (Schelfhout et al., 2022).

Students often aim too high, influenced by societal and parental expectations, resulting
in choices that do not match their cognitive and non-cognitive abilities or interests (Jans &
Broucker, 2012; Fonteyne et al., 2017). Mismatched study choices lead to wasted time,
diminished self-confidence, and increased stress. Reorientation—changing to a more suitable
program—can mitigate these negative outcomes. Ortiz and Dehon (2013) found that students
who reoriented after failure had a lower risk of dropout and a higher chance of graduation
compared to those who did not switch.

Vocational interests play a key role in successful study choices. A better fit between a

student's interests and their program is linked to improved academic performance (Wong,
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2002). Despite this, commitment to a study choice is not always stable (Germeijs &
Verschueren, 2006), and some students may reconsider their initial choices. While studies
have explored the reluctance to reorient due to attributions of ability or effort (Cincinnato et
al., 2020), there is limited understanding of how interest fit influences reorientation decisions.
The Person-Environment (PE) fit between a student's vocational interests and their program is
hypothesized to contribute to reorientation during or after the first year.

This reorientation process has not been widely studied, but it can be influenced by
factors like regret over the original decision or finding a program better aligned with personal
interests (Kucel & Vilata-Buf, 2012; Lykkegaard & Ulriksen, 2019). Social Cognitive Career
Theory (SCCT), introduced by Lent et al. (1994), offers a model for understanding how
individuals form career interests, make educational and career decisions, and achieve success.
The theory suggests that career choices are shaped by self-efficacy, expectations of outcomes,
and personal interests, all of which are influenced by prior experiences and contextual factors.
Individuals tend to engage in activities where they feel capable and anticipate positive results,
which in turn strengthens their self-confidence and interests through successful experiences.
On the other hand, low self-efficacy or negative expectations can hinder the development of
interests and career-related behaviors. In educational settings, students evaluate their self-
efficacy and outcome expectations, adjusting their goals or shifting directions based on
performance feedback and changing interests.

Reorientation is not without challenges, as it often involves a loss of time, resources,
and effort (Schelthout, 2019). However, switching to a better-matched program allows
students a fresh start, potentially leading to higher motivation and academic success (Wigfield
& Eccles, 2002). Thus, study reorientation is a critical retention strategy, particularly when it

addresses mismatches in vocational interests.
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Furthermore, the Trait-State Interest Dynamics (TSID) framework (Su et al., 2019)
posits that interests guide not only the direction of students' actions but also their efforts
toward achieving goals, maintaining persistence, and adapting if necessary. This suggests that
students whose interests align well with their study programs are more likely to put in
sustained effort, which may explain why better interest fit is linked to earlier graduation
(Allen & Robbins, 2010) and why poor fit may lead to reorientation.

Research by Meyer and colleagues (2022) indicates that study success in secondary
education, the alignment of interest with chosen program (PE fit), and peer expectations
influence students' decisions to reorient their studies. A mismatch in interests tends to drive
students to switch between broad program groups (e.g., from mathematics to psychology),
while it has little effect on switches within the same program group or the timing of these
changes.

In Chapter 5, building on these insights into the complex interplay between academic
success, PE fit, and reorientation, we further explore this relationship within the framework of
SCCT. We have access to vocational interest scores collected prior to enrollment and
performance data from the end of the first academic year. We investigate how person-
environment (PE) interest fit affects students’ decisions to reorient (i.e., change study
programs) in higher education. The study posits four main hypotheses: (1) Students with a
lower PE interest fit have a higher chance of reorienting, (2) Interest fit predicts reorientation
during and after the first year of HE, even when controlling for cognitive ability, (3) The
lower the PE interest fit, the less correspondence between the initially chosen study program
and the new program after reorientation, and (4) Interest fit and study efficiency improve after
reorientation from year 1 to year 2. We connected interest data from a large sample of 7,788
final-year secondary school students to their longitudinal academic performance in higher

education after one year.
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Shortage Occupations

Study orientation is not an isolated process but part of a broader framework of lifelong
learning. This includes continuous career development and adaptability to changing labor
market demands. Understanding vocational interests and their impact on occupational choices
strengthens the study orientation process by ensuring alignment with long-term career paths.

Shortage occupations refer to jobs that are difficult to fill due to a mismatch between
labor market demand and supply. Many organizations continue to face staffing challenges,
reflected in the growing number of shortage occupations across Europe. Several factors
contribute to these shortages: (1) a lack of available candidates driven by increased demand
for workers, (2) a wave of retirements, and (3) a high outflow of employees to other sectors or
roles (Reymen et al., 2015). This outflow is often linked to poor job conditions, such as high
workload, irregular hours, or physically demanding tasks. Additionally, candidates who lack
the necessary qualifications, whether in terms of education or experience, also exacerbate the
problem.

Moens et al. (2022) categorize shortages into three main types. Shortage occupations
with unfavorable working conditions: jobs with high physical or emotional demands,
unsociable hours, and low pay face high turnover and burnout, which make it hard to fill
vacancies (Mosadeghrad, 2014). Examples include construction, healthcare, and service jobs.
Qualitative shortages occur when candidates lack the necessary skills or experience, even
though there are enough applicants. This mismatch is partly due to education not keeping pace
with labor market changes (Lamberts, 2011). Examples include administrative and industrial
roles.

Over 60% of shortage occupations face a quantitative shortage, largely due to
insufficient outflow from education. There is an insufficient supply of workers for specific

professions due to low enrollment in relevant training programs or because the necessary
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programs do not exist. A key factor in the labor market mismatch is the lack of interest in
low-skilled, low-valued, or low-paid jobs. However, quantitative shortages affect both low-
and high-skilled jobs, such as technicians, nurses, and construction workers.

Beyond the commonly cited economic factors (e.g., wages), research has largely
overlooked an additional factor that may explain variations in labor market tightness: genuine
vocational interests. This omission is surprising, considering that, from a job seeker's
perspective, vocational interests are among the strongest predictors of job selection,
performance, persistence, and satisfaction (Hoff et al., 2020; Van Iddekinge et al., 2011). Hoff
and colleagues (2021, 2024) focus on the mismatch between labor market demands and the
supply of occupational interests within Holland's (1997) vocational interest model. These
pronounced differences emphasize the need for attention and highlight potential opportunities
for focused career interventions. Thus, incorporating an individual-focused organizational
psychology perspective offers a valuable complement to the predominantly (macro-)economic
models in the field.

In Chapter 6, we address this gap by applying a theoretical model of vocational
interests from psychology to macroeconomic indicators of labor shortages. First, we analyze
how vocational interest profiles at the occupation level contribute to the existence of shortage
occupations. Next, we investigate whether vocational interests can explain differences in the
magnitude of these shortages. We focus on the interest profiles of shortage occupations,
examining aspects such as required education level, differentiation, and consistency. Lastly,
we explore the (mis)match between the vocational interests demanded by the labor market
and those offered by the future workforce.

Main Aim and Research Questions
The overarching aim of this dissertation is to explore study paths by analyzing the

extensive dataset from Columbus, an online self-exploration tool designed to guide students in
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their transition from secondary to higher education. This research takes a comprehensive
approach, integrating both cognitive and non-cognitive factors in examining educational
outcomes such as academic achievement, dropout, and reorientation. Drawing from various
theoretical frameworks, we sought to develop a holistic view of how these factors shape
student trajectories in higher education. A natural extension of the study orientation process
emphasizes the connection between study orientation and lifelong learning, as well as the
broader context of career paths.

The dissertation covers a broad spectrum of inquiry, from the validation of cognitive
tests to applied research on educational pathways and the alignment with the labor market. By
bridging test validation with practical applications in the context of higher education and
career transitions, this study aims to provide insights that are both academically rigorous and
practically relevant.

The main research questions guiding this dissertation are as follows:

- Is Rules a reliable and valid test for non-verbal reasoning? (Chapter 2)

- Can different higher education student profiles be identified and how are these profiles
associated with student variables and study outcomes? (Chapter 3)

- Can we predict and identify students at risk of dropping out based on an assessment
targeting a wide variety of cognitive and non-cognitive factors before actual enrolment
in higher education? (Chapter 4)

- To what extent does PE fit between student’s vocational interests and the chosen study
program influence reorientation? Does study efficiency and interest-program fit
improve after reorientation? (Chapter 5)

- To what extent account occupation-level vocational interest profiles for the occurrence

of shortage occupations and the magnitude of the shortage? Is there a (mis)match
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between interest demand on the labor market and interest supply of prospective

workforce? (Chapter 6)
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Abstract
Intelligence is one of the strongest predictors of academic achievement. Fluid intelligence is
one part of the construct, that can be measured by deductive and inductive reasoning. We set
up a validation study of a free, non-verbal fluid intelligence test (Rules) in the context of
study orientation. In this study, we investigate the reliability, distribution and structural
validity of Rules, consisting of 28 items. Evidence from confirmatory multidimensional item
response theory models suggests structural validity of the non-verbal reasoning test. For
construct validity, a cross-validation between Rules and Raven’s 2 Progressive Matrices in a
sample of 235 last-year secondary school students resulted in a correlation of .62.
Furthermore, we analyzed the predictive validity of the non-verbal reasoning test, which was
administered to 32,585 last-year secondary school students. A standardized mathematics and
language test were administered as a proxy for academic achievement scores. The results
confirmed the predictive validity of the non-verbal reasoning test for cognitive achievement,
with correlations of » = .61 for mathematics and » = .41 for language. Findings support the use
of Rules in psychological practice, in particular for large-scale study exploration tools and

low-stakes testing as a proxy for cognition or fluid reasoning.
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Introduction

In a higher education system characterized by open access and a growing number of
enrollments, it is essential to adequately inform students about their skills and interests to
facilitate informed decision-making regarding their academic pursuits and minimize the risk
of dropout (Fonteyne, 2017). However, the prevalence of dropout underscores the need for
intervention strategies, prompting the provision of exploratory tools to secondary school
students in their final year. Study orientation tools try to focus on cognitive knowledge on one
hand, and encompass non-cognitive skills and interests on the other hand, as both factors
contribute to academic success in higher education (Richardson et al., 2012; Fonteyne et al.,
2017; Schelfhout et al., 2022).

Amongst these factors, intelligence arguably stands out as the pivotal predictor of
academic performance (Roth et al., 2015). As a key part of the study choice process,
intelligence assessment can hold a crucial role in guiding students towards higher education.
Unfortunately, most available intelligence tests available are either costly or time-consuming
to administer, the latter could result in fatigue and reduced participant engagement (Ackerman
& Kanfer, 2009). We therefore decided to develop a free, short non-verbal reasoning test to
address these challenges. Key considerations in this test development include (1) the need to
avoid cultural and verbal influences by using non-verbal items, (2) ensuring a limited testing
time, (3) mitigating gender differences, (4) aligning the test structure with existing validated
assessments and (5) free availability without fees that may hinder access for vulnerable
students or countries. Rules is designed to identify students at risk for academic achievement,
rather than to select top-students, and is therefore by design more sensitive at the lower end of
the ability spectrum. From an orientation perspective, the goal is to assess basic reasoning

skills and exclude individuals who clearly lack these core cognitive abilities.
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As the primary research goal, the present study evaluates the psychometric properties
of the non-verbal reasoning test that we called Rules. We analyzed the test structure using
confirmatory multidimensional item response theory (MIRT) models. To assess construct
validity, participants completed both Rules and Raven's 2 Progressive Matrices Short
Screener. Additionally, scores from a standardized mathematics and language proficiency test
were collected to examine predictive validity. We do not claim to provide a comprehensive
understanding of intelligence (or 'g') through this test, but rather aim to efficiently assess a
significant component of cognitive ability.

Cognitive Ability

The concept of cognitive ability is extensively studied across various disciplines.
Within the field of psychometrics, it is particularly utilized as a key metric to assess and
quantify this ability in relation to individual differences. Cognitive ability serves as a metric
for one's adeptness in learning or processing information (Gottfredson, 1997). Learning is
inherently shaped by intelligence, whether derived from experiences or other sources
(Sternberg & Kaufman, 2011). Individuals with higher cognitive abilities exhibit a propensity
for accelerated learning, irrespective of the source of information. They demonstrate enhanced
capacity to retain data in their working memory, thereby facilitating efficient acquisition of
knowledge and skills (Derue et al., 2012). The concept of cognitive ability emerges as a
crucial predictor of success in both training and professional environments, particularly in
roles involving higher levels of complexity. Gottfredson (1997) presents evidence supporting
the pervasive usefulness of cognitive ability, asserting that its essence lies in the capacity to
manage cognitive complexity, particularly in handling intricate information processing tasks.
Cattell-Horn-Carroll (CHC) Theory of Intelligence

In the context of the present study, we focus on fluid intelligence in accordance with

the theory of intelligence of Cattell-Horn-Carroll (CHC).
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The CHC model has its roots in several older intelligence theories. Following a period
in which intelligence was conceptualized as a single underlying construct, referred to as the g-
factor (Spearman, 1904), Cattell (1941, 1957) introduced a two-factor model of intelligence:
fluid intelligence (Gf) and crystallized intelligence (Gc). Cognitive ability is commonly
categorized into fluid and crystallized intelligence, with crystallized intelligence denoting the
reservoir of accumulated knowledge. Conversely, fluid intelligence represents an individual's
capacity to manipulate both existing and novel information. Fluid intelligence denotes the
capacity to tackle unfamiliar problems, engage in abstract reasoning, and navigate novel
situations. This cognitive faculty encompasses a spectrum of skills, including pattern
recognition, abstract reasoning, and problem-solving. Subsequently, in the 1980s and 1990s,
Cattell's Gf and Gc model was further expanded to include factors such as visual perception,
short-term memory, long-term storage and retrieval, processing speed, auditory processing,
quantitative skills, and reading and writing skills (Horn, 1988, 1991; Horn & Noll, 1997).
Finally, Carroll (1993, 1997), after an extensive analysis, developed a hierarchical model of
intelligence (the Three-Stratum Theory), marking the birth of the CHC model (Schneider &
McGrew, 2012).

The CHC model consists of three levels. At the third level (Stratum III), the narrow,
specific cognitive abilities are located. These include skills such as listening ability, general
knowledge, and perceptual speed (Carroll, 1993; Schneider & McGrew, 2012). Stratum II
logically represents a step higher in the hierarchy, encompassing eight to ten broad cognitive
abilities. Alongside fluid and crystallized intelligence, other abilities such as short-term
memory, processing speed, and auditory processing are grouped under Stratum II (Schneider
& Newman, 2015). At the top of the hierarchy, in Stratum I, lies the overarching factor g,
which describes general cognitive ability (Carroll, 1993, 1997; McGrew, 2009; Schneider &

McGrew, 2012).
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The positive manifold refers to the consistent pattern of positive correlations found
among diverse cognitive ability tests (Kovacs & Conway, 2019). Originally identified by
Spearman (1904), this phenomenon highlights the interrelated nature of various cognitive
tasks. Essentially, all subtests that measure different dimensions of cognitive functioning tend
to show significant intercorrelations (Burgoyne et al., 2022), which collectively contribute to
the formation of a general intelligence factor, often understood as a formative construct in
psychometric theory.

Within the CHC model, reasoning ability stands out as an important and specific
cognitive skill as part of fluid intelligence. Reasoning ability entails the capacity to engage in
logical thinking, comprehend abstract concepts, and employ problem-solving strategies
effectively (Kaufman et al., 2016).

Fluid Intelligence and Academic Achievement

The meta-analysis of Roth et al. (2015) demonstrated a population correlation of » =
.54 between cognitive ability and school performance. CHC key studies highlight the
importance of both broad and narrow cognitive abilities in predicting academic achievement,
even when controlling for the overarching factor of general g (Flanagan (2000); McGrew et
al. (1997). Authors like Flanagan (2000) and also McGrew et al. (1997) suggest that g's
impact on achievement is best comprehended as an indirect effect, mediated by various broad
and narrow cognitive abilities.

Fluid intelligence is typically gauged through performance tests like the well-known
(but not free) Raven's test (Raven et al., 1998), and emerges as a pivotal determinant of
academic achievement (Kuncel et al., 2004), with studies consistently revealing its positive
correlation with academic grades (Colom & Flores-Mendoza, 2007). The effect is particularly
striking in its association with mathematics grades (McGrew & Wendling, 2010; Peng et al.,

2019; Primi et al., 2010). More specifically, study outcomes suggest that certain abilities such
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as fluid intelligence play a pivotal role in the development of specific reading and math skills.
The meta-analysis of Peng and colleagues (2019) found that Gf was moderately related to
reading, = .38, and mathematics, = .41. Fluid intelligence emerge as crucial factor above
and beyond the predictive power of general cognitive and achievement constructs. If fluid
reasoning skills are indicative of future performance and can be assessed through relatively
brief tests, then it is certainly advantageous to incorporate these tests within the framework of
academic study orientation. Therefore, the present study investigates this relationship.

Fluid Intelligence and Sex

According to Barel and Tzischinsky (2018), men excel in their ability to handle visual-
spatial images in working memory. Women have an advantage in tasks requiring the retrieval
of information from long-term memory and the acquisition and use of verbal information.
Conversely, the study by Colom and Garcia-Lopez (2002) indicates that while males
outperform females on the Raven test, there is no systematic difference favoring either sex in
measures of fluid intelligence (Gf). Abad et al. (2004) confirmed the potential bias in the
Raven's test, suggesting that males may perform better on certain items due to the fact that the
items for reasoning are heavily relying on visuo-spatial processing.

We aim to reduce sex differences within this instrument by minimizing visuospatial
complexity of reasoning items. However, since Rules includes non-verbal items involving
induction and deduction, there may still be a small advantage for men. We strive to minimize
this as much as possible.

Fluid Intelligence and SES

Research of Rindermann and colleagues (2010) discusses the influence of parental
socioeconomic status (SES) and education on intelligence. While the correlation between
SES, education and crystallized intelligence (Gc) tends to be stronger, fluid intelligence (Gf)

is also associated with SES, although to a lesser extent (Anum, 2022). This finding means that
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the knowledge and skills acquired through education and life experience (crystallized
intelligence) are more influenced by parents' socioeconomic and educational background
(Anum, 2022). Fluid intelligence is more biologically based and less influenced by
environmental factors. However, the findings also support the idea that fluid intelligence is
not entirely immune to environmental influences, and conversely, higher levels of fluid
intelligence may also shape the environment, as individuals with higher intelligence may
actively seek out enriching experiences and opportunities. It is important to note that this
association is bidirectional: while SES may influence intelligence, it is also possible that
intelligence contributes to higher SES through pathways such as educational attainment and
career choices (Duyck, 2023). This bidirectional understanding helps to avoid the assumption
that intelligence tests are unfairly biased by SES. In the present study, we examine SES in
relation to Gf and academic performance in reading and mathematics, acknowledging that
intelligence and SES are correlated, with typical medium to strong correlations around » = .38
(Levine, 2011). Additionally, research highlights the importance of distinguishing SES from
other factors, such as maternal cognitive abilities, when making such claims (Marks &
O'Connell, 2021a, 2021b).
Public Domain Testing

Intelligence tests are widely utilized to assess an individual's mental capacities and
compare them to those of others using scaled scores (Braaten & Norman, 2006). These tests
rank among the most accurate psychological measurement instruments, still renowned for
their reliability and validity and highly valued by experts (Gottfredson, 1997; Rindermann et
al., 2020; Bloemink, 2023). Meta-analytic test-retest reliabilities of the test scores varied from
adequate to high, with correlations of » = .70 and above (Calamia et al., 2013). The outcome

of an intelligence test is typically expressed as an IQ score, which relates an individual's



VALIDATING RULES 50

performance to others within the same age group. 1Q scores are presumed to follow a normal
distribution within the population.

The advantages of utilizing free public domain resources for researchers are described
by Condon and Revelle (2014). These benefits include cost-effectiveness, increased control
over test content, and the potential for a more nuanced understanding of the correlation
structure between constructs. Additionally, public domain measures offer a collaborative
platform for researchers to contribute to test development, refinement, and validation,
ultimately benefiting the research community by facilitating empirical comparisons across
diverse criteria. Therefore, we constructed free non-verbal cognitive ability measure that can
also be used as a control variable in varying studies.

Present Study

The present chapter features three studies where we evaluate Rules, a free measure for
non-verbal reasoning. Note that Rules does not measure IQ as most of the CHC theory’s
broad abilities are not covered by the scale. In other words, Rules estimates cognitive ability,
or more specifically the fluid (Gf) aspects of cognitive ability, rather than the broad CHC
concept of 1Q.

The first study evaluated (1) the internal consistency of the subtests and Rules as a
whole, (2) the distribution of Rules scores and the distribution over sex and SES by
differential item functioning (DIF), (3) item characteristics explored by Item Response
Theory, and (4) structural properties of a 28-item Rules measure. We used multidimensional
item response theory for confirmatory models by using maximum-likelihood measures. We
examine the structural validity of the non-verbal reasoning test Rules, through the framework
of the most well-supported theory of intelligence, Cattell- Horn—Carroll (CHC) theory

(McGrew, 2009).
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The second study evaluates the construct validity of Rules’ items when administered
online, by cross-validating with a brief commercial measure of cognitive ability, Raven’s 2
Progressive Matrices Short Screener (McLeod & McCrimmon, 2021). The relationship
between Raven's 2 scores and performance on comparable cognitive functioning measures
demonstrated moderate to strong correlations (McLeod & McCrimmon, 2021). A literature
review revealed a weighted average correlation of .67 between the WAIS and Raven
(Correlation Between The Wechsler Adult Intelligence Scale And Raven’s Progressive
Matrices, 2018; McLeod & Rubin, 1962).

The third study evaluated the predictive validity of Rules for academic performance by
examining the relation with scores on a standardized mathematical skills and language test in
the context of a large-scale online self-assessment tool that students in secondary education
take for orientation towards higher education (the nationwide Columbus tool). We
hypothesize that fluid intelligence (Rules) will serve as a significant predictor of both
mathematical skills and language proficiency. Based on the findings of Peng et al. (2019),
which identified moderate correlations between Gf and reading (» = .38) as well as Gf and
mathematics (» = .41), we expect that higher scores on Rules’ tasks associated with Gf will
positively correlate with higher scores on standardized tests of mathematics and language
skills.

Method
Data and Procedure

Data were gathered from two samples: a secondary database of N; = 32,585 students
(60% female) in their last year of secondary school gathered within the longitudinal
Columbus project (period 2016-2020), and a primary sample of N> = 235 (47% female) last-

year students of general (44%), technical (29%) and vocational (27%) secondary education
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who also completed the non-verbal tests Rules and Raven’s 2 Short Screener (between
February and May 2023), in a counterbalanced order.

Secondary data were collected from Columbus: a long-term study orientation initiative
initiated by the government for prospective students in Flemish higher education (Demulder
et al., 2020). Columbus is a large scale online self-assessment and feedback instrument,
attempting to improve study orientation between secondary education (especially general and
technical education!) and higher education. As a non-verbal reasoning test, Rules is part of
this cognitive test battery, in addition to a mathematical skills test and an academic language
proficiency test. For the present chapter, data were used from students’ reasoning, math and
language ability in the last year of secondary education extracted from cohorts 2016-2017,
2017-2018, 2018-2019 and 2019-2020.

Compliance with Ethical Standards

The present study is part of "The Columbus Project: a tool for study orientation
towards higher education", to which the Ethical Commission of the Faculty of Psychology
and Educational Sciences at Ghent University has given approval with reference 2016/82.
Measures
Raven’s 2 Progressive Matrices Short Screener

The Raven’s 2 Progressive Matrices Screener serves as a non-verbal intelligence test
designed to rapidly assess general g (Pearson, 2020; Raven & Raven, 2018). The reliability
coefficient of the Raven's 2 Digital Short Form is .80 (Dimitrov, 2003). The test assesses

deductive reasoning, a key component of general g as identified by Spearman (1904).

! Columbus data consist of 61.4% general, 36.1% technical, 1.3% vocational and 1.3% artistic secondary

education students.
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Deductive reasoning encompasses the ability to derive new insights, extract meaning
from complexity, identify patterns, and establish connections (Raven et al., 2018; Pearson,
2020).

Participants are required to discern a rule based on provided information and apply this
rule to the missing section. When administered digitally through Q-Global, the test comprises
24 items with straightforward and concise instructions selected from a larger item bank
containing 329 items, requiring an estimated duration of 20 minutes per participant. A score
report was obtained via Q-Global (Pearson, 2023). The report describes a scaled score which
is a standardized score, and can be compared to other intelligence tests. Administering Raven
is not free, 25 pre-paid digital test administrations cost €104.19 (Pearson, 2023).

Featuring a wide age range from 4 to 69 years and covering a broad spectrum of
cognitive abilities (IQ 40-160), the Raven’s test is applicable to diverse populations, including
individuals with communication disorders, limited verbal capacities, non-native speakers of
Dutch, or those who are deaf or hard of hearing.

Rules

We developed a Raven-style non-verbal reasoning test, Rules, to operationalize fluid
intelligence. The reliability and validity of a measurement depend on both the instrument and
the sample used. Therefore, we assessed the reliability and validity of all measures for the
current sample (Harris, 2003; Graham, 2015).

As induction and deduction are generally considered the indicators of Gf (McGrew,
2009), the test consists of 28 items in MC-format, with 14 items about inductive and
deductive reasoning each. The first segment, termed 'exclusion' (Cronbach’s o =.63),
presents participants with a series of drawings, wherein one deviates from the others.
Participants are tasked with identifying this divergent drawing by discerning its distinguishing

characteristic and implying rules. In contrast, the second segment of Rules, labeled 'deduction’
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(Cronbach’s a =.70), presents participants with a prototype drawing that undergoes a
transformation to generate a subsequent drawing by applying the same rules. Participants are
subsequently provided with a new drawing and are required to replicate the transformation by
analogy with the prototype. Selection of the appropriate alteration is made from a set of four
possible options. The 28-item Rules can be found in Appendix 2A.

Figure 1

Example of Exclusion Item

A
A

Figure 2

Example of Deduction Item
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Choose the correct solution
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Rules is designed to be discriminative at the lower end of the ability spectrum of

higher education. From an orientation perspective, the primary goal is to assess basic skills
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and exclude individuals who clearly lack these core cognitive abilities for successful
achievement in higher education (ISCED levels 6 and 7). The test is not intended to select or
predict performance at the higher end of the spectrum.

Cognitive Measures

As mathematical competence is one of the most important factors for academic
achievement, we assess basic mathematical skills (Fonteyne et al., 2014) using 25 items.
Advanced numerical competence is measured by 10 additional questions as some academic
degrees require higher levels of mathematical insight. The basic and advanced mathematical
test scores can be combined into one mathematics score (o. = .89) with items both in MC-
format and open questions. One example question is “If a runner runs 1 kilometer in 5
minutes on average, how many kilometers has he run after 2 hours?”.

Academic Language proficiency is tested with the Short Academic Reading and
Vocabulary test (SARV) (Heeren et al., 2020). The 14 items (a = .66) test word knowledge
and reading ability. Word knowledge items test whether word meaning can be inferred from
the context or word form. Reading ability tests insight into text construction where students
must recognize the major text structures and be able to pick the correct one-sentence resume
of a text in a multiple-choice format. There is a time limit to encourage students' strategies
(Hulstijn, 2015).

Sex

Sex (male/female) was included as a binary variable (0/1) obtained by linking the data
to the administrative database of the Flemish Department of Education and Training, which
contains information about students’ secondary education careers.

Socio-Economic Status
Socio-economic status (SES) in an educational context was measured by the

educational disadvantage indicator which represents the student’s social profile (Flemish
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Government, 2018; Avvisati, 2020) for the Flemish government to determine access to
(financial) support measures. A number ranging from zero to four is computed by indicating
whether 1) the mother’s educational level is not higher than secondary education, 2) the
language spoken at home is different from the language spoken at school, 3) the
neighbourhood has a high percentage of 15-year-olds with a school delay of two years or
more and 4) the student receives a scholarship. Higher scores indicate greater disadvantage.
Analyses

Analyses were conducted in SPSS (IBM SPSS Statistics, Version 29) and RStudio
(version 1.3.1093). A t-test and anova were conducted to investigate the differences for sex
and socio-economic status (SES) on test level. To ensure that the test items did not exhibit
bias towards students with specific background characteristics, a Differential Item
Functioning (DIF) analysis was conducted for sex and SES. The DIF analysis followed the
guidelines proposed by Strobl et al. (2015), investigating potential sources of DIF, such as
item wording, characteristics, or multidimensionality in the test.

To assess both the significance and magnitude of DIF, the Mantel-Haenszel Chi-
square test was employed, and deltaMH was calculated with the difR package (Magis et al.,
2020). These procedures are based on the Mantel-Haenszel? DIF method as described by
Magis et al. (2010, 2020). The structural validity of the non-verbal test was assessed using
confirmatory Multidimensional Item Response Theory (MIRT) conducted by the “mirt”
package in R (Chalmers, 2012). MIRT is an extension of IRT and is used to explore and

validate underlying test structure and dimensionality (Immekus et al., 2019; Kruglova &

2 The absolute value of deltaMH serves as an effect size indicator for DIF, with classification following the ETS
criteria: a negligible effect when |JAMH| < 1 (Class A), a moderate effect when 1 <|AMH| < 1.5 (Class B), and a
large effect when |AMH]| > 1.5 (Class C) (Magis et al., 2020).
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Dykhovychnyi, 2022). When the test assesses more than one underlying ability, MIRT models
such as confirmatory (Embretson & Reise, 2000) are employed to investigate and assess
whether they adequately represent the structure of the CHC framework. Analyses based on
three-parameter MIRT were used to evaluate multidimensional relationships between items
on several levels, including (1) all 28 items, (2) the two item types — exclusion and deduction
— independently, and (3) the items with a second order g-factor. We established the guessing
parameter at 0.25, taking into account the probability of randomly selecting the correct answer
among four options. The fit of the model was assessed using various fit statistics®, including
the chi-square statistic, RMSEA, comparative fit index (CFI), and standardized root mean
square residual (SRMR) to select the best fitting model. In this chapter, we compared two
MIRT models: one with two correlated dimensions and a second-order factor model.

Construct validity was evaluated through the bivariate correlation between our non-
verbal test and the Raven’s 2 Progressive Matrices short screener, a well-established measure
of fluid intelligence (Raven & Raven, 2018). The correlation analysis provided insights into
the extent to which the non-verbal test aligns with another measure of intelligence, thereby
assessing its construct validity.

Predictive validity was assessed through linear regression analyses conducted in IBM
SPSS Statistics (version 29). These analyses aimed to investigate the extent to which scores
on the non-verbal Rules test predict academic performance measured by mathematics scores
and academic language proficiency. This analysis enabled us to determine whether the non-

verbal test scores could effectively predict academic performance.

* Hu and Bentler's (1999) derived cutoffs for evaluating model-data fit using Maximum Likelihood (ML)
estimation and provide specific guidelines for interpreting key fit indices: RMSEA values below 0.05 indicated a
good fit, while values around 0.08 suggested reasonable fit. CFI values exceeding 0.95 and SRMR values below
0.08 were considered indicative of acceptable fit.
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Results

Study 1: Structural Validity
Internal Consistency

The internal consistency was measured for the subtests, exclusion and deduction, and
for Rules as a whole by calculating Cronbach’s alpha (Taber, 2017). The overall Rules test
showed good internal consistency with a Cronbach's alpha coefficient of a =.79, suggesting
that the items are reliably measuring the same underlying construct of cognitive ability
(Cronbach, 1951). The items of the exclusion subtest showed a Cronbach’s alpha of a = .63,
which was acceptable (Evers et al., 2010). The internal consistency for the subtest deduction
was good with a Cronbach’s alpha of a = .70.
Distribution of Rules Scores

The distribution of Rules scores is shown in Figure 3. We converted the original total
scores (M =20.11, SD = 4.51) into z-scores (M =0, SD = 1), revealing a distribution that
displayed a slight leftward skew, which confirms the intended focus on sensitivity towards the
lower end of the ability scale.
Figure 3

Distribution of Standardized Rules Z-scores
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To investigate any sex differences, we conducted an independent samples #-test with

sex as grouping variable and total score of Rules as dependent variable. We found a small
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significant difference between boys (M = 20.98, SD = 4.49) and girls (M = 19.54, SD = 4.43);
#(32643) =28.47, p < .001, Cohen’s d = 0.32.

At item level, we conducted DIF analyses. The exclusion part of the Rules test
contains 10 items that exhibit significant sex-related DIF (p <.01). Of these, nine are
classified as A-items with a negligible effect, and one as a B-item (excl12) with a moderate
effect. The B-item appears to be easier for girls (see Appendix 2B, Table 1, Figure 1). The
deduction part of the Rules test contains 11 items that exhibit significant sex-related DIF (p <
.01). All items are classified as A-items with a negligible effect (see Appendix 2B, Table 1,
Figure 2).

We wanted to test if there is a difference on reasoning results depending on the SES of
students. There was a statistically significant difference between SES categories as
determined by one-way ANOVA (F(4,32619) = 280.25, p < .001, °=.03). Games Howell
post hoc tests revealed that Rules scores for students with high SES are significantly higher
compared to students with low SES (p <.001). On average, students with high SES score 0.74
points higher on Rules than students who mark one of the four SES variables (education
mother, language, neighborhood, scholarship), 1.77 points higher than students who mark
two, 2.85 points higher than those who mark three, and 3.55 points higher than students who
mark all SES variables (low SES).

At item level, we conducted DIF analyses. Four exclusion items show significant DIF
related to SES (p <.01). All of these items were classified as A-items, indicating negligible
effects (see Appendix 2B, Table 2, Figure 3). Two deduction items show significant DIF
related to SES (p <.01), but were classified as A-items (see Appendix 2B, Table 2, Figure 4).
Adherence to CHC Model

To examine the presence of the positive manifold in our dataset—referring to the

psychometric phenomenon wherein all (sub)tests assessing various facets of cognitive ability
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exhibit intercorrelations (Burgoyne et al., 2022)—we computed Pearson correlations between
the subtests and between the subtests and the composite Rules measure (Table 1).
Table 1

Zero-order Correlations of Rules and Subtests

1 2 3
1. Exclusion 1
2. Deduction .595™ 1
3. Full Rules test 886" .900™ 1

Note. ™ p < .01.
Item Characteristics

IRT analysis provided a test information curve for the 28 item Rules test. In Figure 4 is
shown that especially the skills of those who score lower are well mapped out: 69.31% of the
test information lies between -4 and 0. Difficulties ranged from -2.98 to 2.12, with a mean
difficulty of -0.72 (see Table 2). Figure 5 shows the conditional reliability of Rules to indicate
how precisely the test measures subgroups of persons or at various cut scores. Rules has more
measurement errors within the subgroup characterized by high latent ability.
Figure 4

Test Information Function for the 28 Item Rules Non-Verbal Test
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Note. 69.31% of the test information lies between -4 and 0.
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Figure 5

Conditional Reliability for the 28 Item Rules Non-Verbal Test

Conditional Measurement Error
2
|

Latent Ability (General)

Note. Conditional reliability coefficients indicate the reliability for subgroups at various cut
scores on a test. Rules shows more measurement errors in the high latent ability subgroup.
Confirmatory Factor Analysis

We conducted a confirmatory factor analysis using a multidimensional item response
theory (MIRT) model to explore the underlying structure of a 28-item reasoning test. Item
responses were scored dichotomously as correct (1) or incorrect (0). We hypothesized that (1)
the test measures two distinct dimensions of fluid reasoning ability: deductive reasoning and
inductive reasoning, and (2) that these dimensions load on the higher-order g fluid.

The MIRT model with correlated dimensions demonstrated adequate fit to the data,
with a Comparative Fit Index (CFI) of 0.92, Root Mean Square Error of Approximation
(RMSEA) of 0.04, and Standardized Root Mean Square Residual (SRMR) of 0.09, indicating
marginally above the cutoff for acceptable model fit. The correlation between the exclusion
and deduction item types was r = .89.

The MIRT model with correlated dimensions which loaded on a higher-order
dimension demonstrated good fit to the data, with a Comparative Fit Index (CFI) of 0.98,

Root Mean Square Error of Approximation (RMSEA) of 0.02, and Standardized Root Mean
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Square Residual (SRMR) of 0.04, indicating a good model fit. Thus, the higher-order model
provides the best fit to the data. Coefficients of the second order MIRT model are described in
Table 2. All factor loadings can be found in Appendix 2B Table 3 and 4.

Table 2

Coefficients of Second Order MIRT Model

al a2 a3 d b g u
Excll  1.19 1.19 0 3.56 -2.98 0.25 1
Excl2  1.31 1.31 0 2.73 -2.09 0.25 1
Excl3  0.83 0.83 0 0.99 -1.20 0.25 1
Excl4  0.99 0.99 0 0.75 -0.76 0.25 1
Excl5  1.27 1.27 0 1.20 -0.94 0.25 1
Excl6  0.91 0.91 0 0.10 -0.11 0.25 1
Excl7  0.96 0.96 0 -0.08 0.08 0.25 1
Excl8 1.14 1.14 0 -0.40 0.35 0.25 1
Excl9  1.56 1.56 0 0.03 -0.02 0.25 1
Excll0 1.04 1.04 0 -1.35 1.31 0.25 1
Exclll 5.02 5.02 0 -10.61 2.12 0.25 1
Excl12  0.99 0.99 0 2.70 -2.73 0.25 1
Excl13 1.01 1.01 0 0.29 -0.28 0.25 1
Excll4 1.53 1.53 0 0.71 -0.46 0.25 1
Ded1 1.27 0 1.27 2.44 -1.92 0.25 1
Ded2 1.32 0 1.32 2.46 -1.87 0.25 1
Ded3 1.30 0 1.30 1.51 -1.16 0.25 1
Ded4 1.72 0 1.72 1.13 -0.66 0.25 1

Ded5 1.12 0 1.12 1.19 -1.07 0.25 1
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Ded6 1.04 0 1.04 0.66 -0.64 0.25 1
Ded7 1.83 0 1.83 1.52 -0.83 0.25 1
Ded8 1.13 0 1.13 1.60 -1.42 0.25 1
Ded9 1.06 0 1.06 -0.36 0.34 0.25 1
Ded10 1.35 0 1.35 -0.05 0.04 0.25 1
Dedll 0.79 0 0.79 1.75 -2.22 0.25 1
Ded12 1.26 0 1.26 2.61 -2.07 0.25 1
Ded13 1.63 0 1.63 -1.33 0.82 0.25 1
Ded14 1.77 0 1.77 -0.28 0.16 0.25 1

Note. Items starting with Excl are the exclusion items, with Ded are the deduction items. al =
discrimination parameter for g; a2 = discrimination parameter for exclusion; a3 =
discrimination parameter for deduction; d = intercept; b = difficulty parameter; g = guessing
parameter; u = upper asymptote parameter.

Study 2: Construct Validity

To investigate the construct validity, we conducted a bivariate Pearson correlation
between the total score on Rules and the scaled score on Raven’s 2 Progressive Matrices
Short Screener (see Table 3). The uncorrected correlation between the respective overall
observed scores, Rules and Raven total score, was moderate in magnitude (» = .62, p <.01).
Table 3

Zero-Order Correlations between Rules and RPM

1 2 3 4
1. RPM (scaled) 1
2. Rules: exclusion  .54™ 1
3. Rules: deduction .57 59™ 1
4. Full Rules test 62" 88" 91 1

Note. ™ p < .01.
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Study 3: Predictive Validity

We computed Pearson correlations between the scores obtained from Rules (sub)tests
and various indicators of academic performance (see Table 4). The results indicated
significant positive correlations between all measures of academic performance and both the
individual subtests as well as the complete Rules test.

We conducted two hierarchical linear regression analyses to investigate the impact of
Rules total score on a standardized mathematics test and an academic language proficiency
test after controlling for socio-economic status (SES) and sex. Both models were statistically
significant and accounted for a substantial proportion of the variance in the dependent
variables. The results showed that the model with SES and sex was significant for
mathematics (F(2, 31319) = 1664.60, p <.001, adj. R’ = .10) and for language (F(2, 30859) =
549.81, p <.001, adj. R’ = .03). Both SES and sex were significantly associated with scores on
a standardized mathematics and language test.

For mathematics, the model (F(3, 31318) = 6946.41, p <.001, adj. R’ = .40), which
included total Rules score (b = 0.57, t = 125.808, p < .001) showed significant improvement
from the model with only SES and sex AF(1, 31318) = 15827.67, p <.001, AR’ = .30.

For language, the model (F(3, 30858) = 2237.11, p <.001, adj. R’ = .18), which
included total Rules score (b =0.39, t = 73.612, p <.001) showed significant improvement
from the first model AF(1, 30858) = 5418.67, p <.001, AR’>= .14. The detailed results of the

full regression analyses are presented in Table 5.
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Table 4

CHAPTER 2

Zero-order Correlations between Rules (sub)tests and Academic Performance

Academic Performance Exclusion Deduction Full Rules
Mathematics 53" 55" 617
Language 35" 39" 417
Note. ™ p < .01
Table 5
Two Hierarchical Linear Regressions
Academic Performance Predictor B t p Unique R’
(dependent)
Mathematics Sex (0 = male) -0.17  -37.415 <.001
SES (0 =high SES)  -0.07 -16.663  <.001
Rules total 0.57 125.808  <.001 0.37
Language Sex (0 = male) -0.04 -8.105 <.001
SES (0 =high SES)  -0.08 -15.965 <.001
Rules total 0.39 73.612 <.001 0.17

Note. Rules uniquely explains 37% of the variance in mathematics and 17% of the variance in

language. Betas are standardized.

Discussion

Cognitive ability assessment plays a pivotal role in the decision-making process for

higher education pathways. However, many existing intelligence tests are either prohibitively

expensive or require considerable time to administer. To address this issues, we developed

Rules, a free, quick and easy to administer non-verbal fluid reasoning test. Although Rules is

originally designed to pinpoint those who are highly likely to lack the skills needed to succeed

in the first year of higher education, its applicability extends beyond this group. Rules can be

effectively used in broader educational settings, offering a versatile tool for identifying
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reasoning abilities across a wide range of cognitive levels. It is important to note that we do
not intend for this test to provide a comprehensive measure of intelligence (or 'g'), but rather
to evaluate one crucial aspect of cognitive ability, just like the well-known Raven’s test for
instance.

The non-verbal reasoning scale Rules seems to be a promising public domain test to
evaluate fluid intelligence and in particular exclusion and deduction. We conducted three
studies: (1) we evaluated the internal consistency, the distribution and the structural validity
of the test, (2) we examined the construct validity by cross-validating Rules with Raven’s 2
Progressive Matrices, and (3) we investigated the predictive validity of Rules with a
standardized mathematics and language proficiency test.

The two-subscale reasoning test displays adequate overall reliability and intern
consistency with a =.79, which is sufficient for population research (Evers et al., 2010). We
recommend caution when using and interpreting the subtests independently, and always
suggest testing reliability before use.

The distribution of scores on Rules showed a slightly leftward skew, likely due to range
restriction on the low end of performance in the sample. This skewness is by design, as the
reasoning test was developed as part of a broader low-stakes study exploration tool aimed to
identify students who may lack the necessary skills, but still are considering higher education.
The primary goal of this tool was to provide information about entering higher education,
rather than to identify individuals who excel in reasoning tasks. As such, the results are
working as intended and are sufficient for population research, particularly in the context of
educational orientation, but they are not suitable for selection purposes that require
identification of the best performing individual.

We investigated sex differences on the non-verbal test Rules overall and we found a

small advantage for boys with a small effect size of Cohen’s d = 0.32. At item level, DIF
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analyses indicated that several items showed differential item functioning related to sex.
However, the effects were negligible, except for one item (excl12), which displayed a
moderate effect in favor of girls. In light of our findings that boys slightly outperform girls in
the non-verbal reasoning test, it is pertinent to note that this aligns with existing literature on
gender differences in cognitive abilities (Colom & Garcia-Lopez, 2002; Abad et al., 2004).
Barel and Tzischinsky (2018) highlight that men tend to excel in manipulating visual-spatial
images in working memory, which is a crucial skill for tasks involving exclusion and
deduction, the two subtests of our test. Furthermore, while Colom and Garcia-Lopez (2002)
found no systematic difference in fluid intelligence between sexes, they did report that boys
generally perform better on the Raven test, a well-known measure of non-verbal reasoning.
These findings collectively support the notion that boys might have a slight advantage in our
non-verbal reasoning test.

Regarding socio-economic status a very small effect of #°= .03 was found where
students with high SES scored significantly higher compared to students with low SES. At
item level, DIF analyses indicated that several items showed differential item functioning
related to SES. However, the effects were negligible. Our findings align with Rindermann et
al. (2010), who suggest that while parental SES and education have a stronger influence on
crystallized intelligence, they still exert some influence on fluid intelligence. The slight
advantage observed in high SES students on the non-verbal reasoning test can be attributed to
these environmental influences. However, the small effect size in our study is encouraging for
the test validity, indicating that the test is largely independent of socioeconomic factors and
primarily measures inherent non-verbal reasoning ability.

Concerning the structural properties of our 28-item non-verbal measure of fluid
reasoning, the correlation matrix and confirmatory Multidimensional Item Response Theory

(MIRT) models indicated the presence of a positive manifold in our data, demonstrating that
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both subtests, exclusion and deduction, contribute distinctly to assessing fluid intelligence.
These findings support the CHC theory. IRT analysis revealed that especially the skills of
those who score lower are well mapped out: 69.31% of the test information lies between -4
and 0. We conducted a confirmatory factor analysis using a multidimensional item response
theory (MIRT) model to explore the underlying structure of Rules. The MIRT model with
correlated dimensions which loaded on a higher-order dimension demonstrated good fit to the
data.

The second study evaluated the construct validity of Rules’ items when administered
online, by cross-validating Rules with Raven’s 2 Progressive Matrices Short Screener in a
sample of 235 last-year secondary school students. We found a bivariate correlation of .62,
further supporting the presence of a positive manifold. The magnitude or extent of the
relationship observed in the current study is in line with prior cross-validation research with
Raven (McLeod & McCrimmon, 2021). However, it is important to note that Rules does not
aspire to measure IQ in the same manner as the RPM scales. Instead, Rules aims to be a
concise, public domain measure of cognitive ability aligning with the overarching goals of the
Columbus project (Demulder et al., 2020) or as a control variable for research purposes.

Our third and last study focused on predictive validity of Rules. We found that fluid
intelligence, as measured by Rules, could uniquely explain 37% of the variance in a
standardized mathematics test and 17% in an academic language proficiency test.
Additionally, it is important to note that we accounted for sex and SES, enhancing the
robustness of our results. Moreover, the correlations observed in our study are comparable in
magnitude to those reported by Peng and colleagues (2019) in their research on mathematics

and reading.
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Abstract
This study investigates essential components of the Cognitive-Affective-Motivation Model of
Learning by employing a large-scale longitudinal data project on study orientation for higher
education, with a person-centered approach. The goal is to enhance our understanding of
student profiles and examine their associations with various student characteristics and
academic study outcomes. A latent profile analysis of higher education students (N = 5,580)
identified six student profiles based on math ability, verbal ability, motivation, self-efficacy,
self-concept and vocational interests: broadly interested cognitives (24%), enterprising
conventionals (18%), socially skilled self-regulators (17%), low interested low cognitives
(15%), realistic high cognitives (14%) and artistic non-regulators (12%). We investigated
whether profile membership was predicted by student variables (sex, socio-economic status,
and educational track) and linked with different study outcomes (study progress rate, time to
graduation, and dropout). The profiles were largely neutral with respect to socio-economic
status, but still showed gender differences. The socially skilled self-regulators had the most
favorable study outcomes, the artistic non-regulators the least favorable results. Our findings
align with the compensatory power of self-regulating skills, in addition to students' cognitive
abilities. We provide key insights to study counsellors, enabling them to enhance academic
achievement through tailored approaches that address the specific needs of students with

diverse profiles.
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Introduction

Academic achievement is often examined from a singular perspective, predominantly
focusing on cognitive abilities. Cognitive skills, particularly intelligence (1Q), have been
identified as one of the primary predictors of academic achievement (Roth et al., 2015).
However, there is an increasing recognition of the need to look beyond 1Q (McGrew, 2021).
Recent research emphasizes the importance of non-cognitive factors, such as motivation, self-
beliefs, and interests, in contributing to academic achievement. Most of the existing literature
has employed a siloed approach (Kanfer et al., 2010), investigating cognitive and non-
cognitive factors independently. Although some studies have combined these factors (e.g.,
Richardson et al., 2012; Nauzeer & Jaunky, 2021), these studies often employ a variable-
centered approach, which does not adequately capture the complex interplay of these
attributes within individuals. However, there are alternative theories that account for the
individual profiles of abilities, interests, motivation, and other non-cognitive constructs. Some
theories of intellectual development suggest that interests and abilities are mutually
reinforcing in the acquisition of knowledge, e.g. Ackerman (1996) and Holland (1973). These
theories emphasize the dynamic interplay between cognitive and non-cognitive factors, where
individuals are more inclined to engage with information that they find interesting. Success in
learning this information can further enhance their interest, thereby fostering continued
engagement and learning. Moreover, meta-analytic evidence indicates that the effects of
ability and motivation on performance are additive rather than multiplicative with the additive
model implying that these effects are independent and compensatory (Van Iddekinge et al.,
2017). Despite this growing body of research, there is still a lack of comprehensive studies
that integrate both cognitive and non-cognitive factors to provide a holistic understanding of
the key predictors of academic achievement (Kuo et al., 2021; Liu et al., 2024).

To explore the effects of individual profile variables, McGrew (2021) introduced a
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theoretical framework, the Cognitive-Affective-Motivation Model of Learning (CAMML).
This framework posits that a student's readiness to learn is determined by a combination of
domain-specific cognitive abilities and personal investment mechanisms, including
motivation, self-beliefs, and self-regulation. This framework emphasizes a person-centered
approach, integrating both cognitive and non-cognitive elements. Unfortunately, the model is
a conceptual framework and literature does not yet feature empirical evidence regarding its
validity. The present study aims to explore key elements of McGrew's framework, particularly
focusing on cognition, motivation, self-beliefs, and interests. For this purpose, the study uses
data from a large-scale, national project on study orientation towards higher education,
adopting a person-centered approach to better understand the profiles of higher education
students and their relationship with student variables and study outcomes.
Framework of The Cognitive-Affective-Motivation Model of Learning of McGrew

The Cognitive-Affective-Motivation Model of Learning (CAMML) is grounded in the
contemporary Cattell-Horn-Carroll (CHC) theory of cognitive abilities (Schneider &
McGrew, 2018) and builds on Snow's dynamic conation model (Corno, 1993). CAMML thus
incorporates both cognitive, conative, and affective components as the framework
encompasses important elements of human personality that influence an individual's learning
(McGrew, 2021). For instance, the CAMML framework can aid school psychologists in
integrating motivation into practice by considering the interconnectedness of motivation and
self-regulated learning (see also Heckhausen, 2020). Self-beliefs precede motivational
orientations and both can work together to achieve academic goals. CAMML also emphasizes
the role of motivation in initiating learning (from wish to action), with self-regulating learning
mechanisms guiding the learning process. The framework also highlights how motivation and
self-regulated learning constructs, indirectly shaped by affective traits, play a key role in

directing the use of cognitive abilities in the learning process. The original framework
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provides limited information or application regarding academic interests, categorizing them
solely as a subdomain of achievement orientation. Therefore, this study seeks to address this
gap.

Despite being grounded in almost a century of research and theoretical development,
the Cognitive-Affective-Motivation Model of Learning remains largely speculative and
requires empirical validation. Therefore, the present study investigates academic achievement
in higher education at conceptual levels that have been integrated by McGrew’s model (2021)
including the cognitive, motivational, and conative level. We focus on cognition, motivation,
academic self-concept, self-efficacy, and vocational interests.

Cognitive Level and Achievement

Intelligence research indicated that cognitive abilities are key predictors of academic
achievement in higher education (Laidra et al., 2007; Roth et al., 2015; Mammadov, 2021).
Both cognitive abilities and prior academic achievements have a substantial impact,
underscoring their importance in predicting higher education outcomes (Schneider & Preckel,
2017). Cognitive abilities, particularly in reading and mathematics, play a crucial role in
various educational outcomes, including attainment and academic achievement (Peng &
Kievit, 2020). A meta-analysis by Peng et al. (2019) found that fluid intelligence is
moderately correlated with reading and mathematics. Considering this meta-analytic
evidence, the present study focuses on cognitive abilities, e.g. math ability and verbal ability.
Conative Level and Achievement

Conative factors like motivation and self-regulation, influence how students utilize
their cognitive abilities to achieve specific outcomes (McGrew, 2021). Recent large-scale
studies have demonstrated that conative and affective assessments are key predictors of
academic achievement, beyond the predictive power of cognitive abilities alone (Kuo et al.,

2021; Lavrijsen et al., 2022). While self-regulation broadly encompasses how students control
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their thoughts, behaviors, and emotions to achieve academic goals, this study specifically
focuses on motivational self-beliefs such as motivation, academic self-efficacy, and academic
self-concept, which are closely related to self-regulation. For example, motivation reflects the
extent to which students are willing to exert the effort necessary to fulfill their academic
responsibilities (Weinstein et al., 2016). This measure captures effort-regulation, a core aspect
of self-regulation, and one of the strongest predictors of academic achievement according to
Richardson et al. (2012). Academic self-efficacy pertains to individuals' belief in their
capacity to accomplish tasks in academic situations, whereas academic self-concept involves
the perception of their abilities in an academic context (Bong & Skaalvik, 2002). A meta-
analysis by Richardson and colleagues (2012) identified academic self-efficacy as one of the
most reliable predictors of academic achievement. Increased academic self-concept leads to
increasing academic achievement (Burger & Naud¢, 2019). Lavrijsen and colleagues (2022)
demonstrated that several motivational processes, including academic self-concept, effort
beliefs, and autonomous motivation, explained significant variance in academic achievement
beyond intelligence and personality traits. For the purposes of this study, the focus lies on the
constructs of motivation, academic self-concept and self-efficacy within the broader category
of self-belief constructs.
Vocational Interests and Achievement

Vocational interests denote an individual's inclinations toward specific behaviors,
environments, and situational contexts in which activities occur, as well as the results of those
activities that drive goal-directed behaviors (Rounds & Su, 2014). The RIASEC theory of
Holland (1997) represents six interest dimensions on a hexagonal model in clockwise order:
Realistic, Investigative, Artistic, Social, Enterprising and Conventional. Research showed that
interest fit between person and environment is related to performance and persistence in work

and academic contexts (Nye et al., 2012, 2017, 2021; Schelfhout et al., 2019, 2021, 2022).
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Demographic Student Variables

Extensive research has already been conducted on the relation between sex and socio-
economic status (SES) and cognitive and non-cognitive abilities, as well as their impact on
academic achievement (Reilly et al., 2016; Van Der Sluis et al., 2010; Rodriguez-Hernandez
et al., 2020; Wang & Yu, 2023). Socio-economic background is not necessarily all-
determining for academic achievement (Sirin, 2005; McKay & Devlin, 2015). Students with a
lower SES can be successful in higher education by possessing certain personality traits and
intelligence that cancel out the educational disadvantage (Damian et al., 2015). In Flanders,
the northern region of Belgium, students are placed into different educational tracks at a
relatively young age (i.e. 12 years) (OECD, 2012). The primary aim of this early tracking
system is to organize students with comparable cognitive abilities and interests into
homogeneous groups which may have effects on performance and inequality (Hanuskek &
OBmann, 2006; Vandenbroeck et al., 2024). Therefore, it is pertinent to investigate whether
specific student variables, such as sex, SES, and educational track in secondary education
(SE), contribute to differences in profile membership as profile precursors.
Study Outcomes

The present study includes three study outcomes: study progress rate, timely
graduation, and dropout, because these are the parameters for which access was granted in the
official, national database. As a first outcome, study progress rate is measured by the obtained
credits in the first year of higher education. We previously highlighted the connection
between cognitive and non-cognitive measures and academic achievement, with study
progress rate being one of its operationalizations. We found evidence that factors essential for
academic achievement are also crucial for identifying individuals at risk of underperformance

and potential dropout (Fonteyne et al., 2014; Aina et al., 2022; Schelthout et al., 2022).
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As a second outcome, dropout is characterized by leaving higher education without
earning a formal degree, leading to significant individual and societal costs (Larsen et al.,
2013). Existing research demonstrates the additional predictive value of non-cognitive factors
over traditional cognitive measures in forecasting academic achievement and dropout
(Robbins et al., 2004; Bowman et al., 2019).

As a third outcome, timely graduation refers to the time required to complete a
bachelor's degree. This has significantly increased over the last twenty years (Bound et al.,
2010), prompting educators and the public to view timely degree completion as a critical
accountability metric for colleges and universities (Kappe & Van Der Flier, 2012; Yue & Fu,
2016). Most existing studies are descriptive and cross-sectional, focusing on student
demographics, academic preparation, and first-term achievement as predictors of the duration
of study before graduation. This limited understanding is mainly due to challenges in data
availability and methodology. However, our large-scale dataset, which tracks students over
several years, allows us to consider this outcome measure comprehensively.

As an extension of the study outcomes, we investigate an additional study choice
outcome, the type of education students choose, providing further insights into the
characteristics of the identified student profiles. The higher education system in Flanders
consists of two main pathways: professional bachelor’s degrees, which correspond to level 6
of the International Standard Classification of Education (ISCED) and are offered at
university colleges, and academic bachelor’s and master’s degrees (ISCED levels 6 and 7),
available at universities (UNESCO Institute for Statistics, 2012). Professional bachelor’s
degrees emphasize more on practical and applied skills. In contrast, university education
typically focuses more on theoretical knowledge, followed by a master’s program lasting one
or two years. Despite both being classified at ISCED level 6, the academic and professional

degrees serve different purposes in Flanders. While academic achievement primarily involves
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excelling in and passing exams, study choice represents a key outcome of a student’s higher
education journey (Fonteyne, 2017; Schelfhout, 2019), serving as a complementary outcome
alongside academic achievement. However, we exclude type of education, a typical
performance measure, from our conceptual model which is centered on maximal performance
outcomes, and consider type of education only within the scope of descriptive analysis.
Person-Centered Approach

While research objectives are often explored through a variable-centered approach,
assessing a variable’s effects across individuals, recent decades have underscored the
importance of not only examining individual traits but also to consider how these traits
interact or cluster within individuals (Hickendorff et al., 2018). This person-centered
approach has gained increasing prominence in psychological research, offering valuable
insights through the categorization of groups, which has both theoretical and practical
implications (Spurk et al., 2020). Methodologically, this approach often employs techniques
such as cluster analysis or latent profile analysis (LPA) to uncover patterns of characteristic
combinations, or profiles. In this study, the large sample enables the reliable identification of
diverse student profiles across an entire higher education system. In addition to identifying
distinct profiles, these profiles themselves can be examined in relation to key outcomes. For
instance, the person-centered approach has been applied to study topics such as academic
pathways (Cincinnato et al., 2020), academic achievement (De Clercq et al., 2020), and study
choice exploration behavior (Demulder et al., 2023). In the present study, LPA will be used to
investigate how individual antecedents contributing to study outcomes cluster into distinct
profiles and how these profiles vary in terms of academic achievement. This analysis will
offer valuable insights for academic advisors, enabling tailored interventions that address the

unique needs of students with different profiles, ultimately improving academic achievement.
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Present Study

In the present study, we aim to identify student profiles based on both cognitive and
non-cognitive variables to examine the relationship between these clusters and study outcome
measures. This person-centered approach will provide greater insight into how a student
achieves academic achievement and potentially facilitate the development of more targeted
interventions. The added value of this study lies in its empirical testing of the CAMML
framework, incorporating a wide range of factors such as cognitive ability, vocational
interests, motivation, and self-beliefs. This comprehensive approach offers a nuanced
understanding of student profiles and their connection to study outcomes, thus contributing a
more holistic perspective compared to prior research.

To facilitate this aim, we identify latent profiles based on cognitive (e.g., math ability
and verbal ability) and non-cognitive skills (self-efficacy, self-concept, motivation and
vocational interests) within a large longitudinal sample of prospective students. We
operationalized three profile precursors—sex, socio-economic status (SES), and educational
track SE—and investigated whether these specific student variables contribute to profile
membership. Finally, we examine the extent to which these study outcomes—such as study
progress rate, timely graduation, and dropout—provide criterion validity for the identified
student profile membership. Figure 1 shows a visualization of the conceptual model of the

study.
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Figure 1

Conceptual Model of the Study
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Method

Participants and Procedure

The secondary data utilized in this study are derived from the data collections
conducted as part of the Columbus project, an online large-scale self-exploratory tool towards
higher education funded by the Flemish Department of Education and Training and
scientifically supported by an institutional collaboration. The Columbus tool is used for study
orientation to programs at all institutions in Flanders (sixteen university colleges and five
universities). The exploration tool was created to enhance the career decision-making
processes of students approaching the end of their secondary education (Demulder et al.,
2020). It is interesting to note that this tool operates in almost completely open-access higher
education (with only a few exceptions in medicine, dentistry and arts), so that program choice
is as little as possible constrained by external limitations, and maximally determined by

individual preferences and abilities. This region-wide assessment and feedback tool comprises
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a series of validated questionnaires and tests in four modules: (1) the study choice process, (2)
motivation and study skills, (3) cognitive abilities, and (4) vocational interests.

When students transition to higher education, Columbus data are integrated with
information about their degree programs (e.g., institution, program, type of education) and
outcome variables (such as study progress and dropout rate) for each academic year of
enrollment, which enables the examination of unique longitudinal relationships. Additionally,
the administrative database of the Flemish Department of Education and Training includes
pertinent variables from students' secondary education record, such as sex, socioeconomic
status (SES) and educational track (general/technical/vocational/arts secondary education).

Our longitudinal dataset comprises a large sample of N = 5,580 students starting
higher education in academic year 2018-2019'. The sample consists of 40% who were
identified as male, and 60% as female. On average students were 18 years old (birth year
2000) when they fill in the instrument. Among the students, 59% were in the general track of
secondary education, 38% in the technical track, 2% in the arts track and 1% in the vocational
track of secondary education. Regarding higher education, 48% chose an academic bachelor
program and 52% a professional bachelor program. The full dataset consisted of 133 different
study programs in higher education, no programs were excluded.

Measures

The reliability and validity of a measurement depend on both the instrument and the
sample used. Therefore, we assessed the reliability and validity of all measures specifically
for the current sample (Harris, 2003; Graham, 2015), given that the outcomes are influenced

by both the characteristics of the measurement tool and the population under study.

! The longitudinal tracking of the data enables us to use time to graduation as an outcome variable.
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The cognitive ability tests are maximal performance tests, whereas the non-cognitive
tests measure typical performance.
Cognitive Abilities

Following the approach of Hyland et al. (2022), we constructed scale composites of
the cognitive variables.

Math Ability. The math ability composite consisted of two tests: the mathematics
skills test (Fonteyne et al., 2014) had 35 items in total (a = .87) and the non-verbal reasoning
test, Rules? had 28 MC-format items assessing exclusion and deduction (a = .79). The
mathematics skills test and non-verbal reasoning test showed a correlation of » = .58, so we
combined the scores by standardizing them and calculating the average. The question formats
in the mathematics skills test varied, including open-ended questions, true/false items, and
multiple-choice questions. An example of a mathematics question is: "A runner covers 1
kilometer in 5 minutes on average. How far will they have run after 2 hours?". An example of
a non-verbal reasoning question is: “You will see four images. Three of them belong together,
but one is different. Which image does not belong?”’.

Verbal Ability. The verbal ability composite also consisted of two tests. Vocabulary
is assessed by the Dutch version of the LEXtale (Lexical Test for Advanced Learners of
English; Lemhofer & Broersma, 2012). This 60 items test (« = .68) is an un-speeded lexical
decision task which gives a quick yet valid indication of vocabulary knowledge. The items

involve determining whether a word is a real word or not. Academic language proficiency is

2 A pilot study was conducted to test the correlation between the new measure that was used for the
operationalization of fluid intelligence and Raven. A positive Spearman correlation of .62 was found (p <.001, N
= 235). Rules shows a strong correlation with other cognitive measures and a moderate correlation with

academic achievement indicators like GPA and earned credits.
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assessed using the Short Academic Reading and Vocabulary test (SARV) (Heeren et al.,
2020). The fourteen items (a = .66) referred to word knowledge and reading ability. There is a
time limit to encourage students' strategies (Hulstijn, 2015). The vocabulary test and the
SARYV test showed a correlation of » = .33.

Non-Cognitive Abilities

All non-cognitive questions (except for the vocational interests) were rated on a Likert
scale from 1 (not at all applicable to me) to 5 (very strongly applicable to me).

Self-Efficacy. Self-efficacy is assessed by four items (a = .88) of the LEMO (Learning
strategies and motivation questionnaire; Donche et al., 2010) and reflects the estimation of
students their own study competence, their expectations and convictions about what they can
achieve in academic situations by studying. An example item is: “I have confidence in the
way I study.”.

Academic Self-Concept. Self-concept refers to students’ perceptions of themselves in
an academic situation. Academic self-concept is assessed by a seven-items subscale (o = .84)
of the Self-concept scale (Wouters et al., 2011). An example item is: “I have a good
memory.”.

Motivation. Motivation (six items, a = .76) measured by the LASSI (Learning and
Study Strategies Inventory; Lacante et al., 1999) concerns the students' willingness to exert
the effort needed to successfully fulfill their academic responsibilities. An example item is:
“Even when I have to learn tedious and uninteresting things, I manage to keep working until
the end.”

Vocational Interests. The SIMON-I (Fonteyne et al., 2017) utilized in Columbus
assesses vocational interests based on Holland's (1997) RIASEC model providing scores
across six interest dimensions: Realistic, Investigative, Artistic, Social, Enterprising, and

Conventional. Students respond with a yes-or-no to 101 RIASEC activities (e.g., starting up
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an enterprise) and 72 occupations (e.g., lawyer). The RIASEC dimension scales exhibit a
Cronbach’s alpha between o = .80 and a = .92.
Demographic Variables

The demographic student variables are collected through the administrative database
of the Flemish Department of Education and Training.

Socio-Economic Status. Socio-economic status (SES) in an educational context was
assessed using the educational disadvantage indicator, which the government utilizes to
allocate social benefits (Flemish Government, 2018; Avvisati, 2020). This composite measure
ranges from zero to four, based on the following criteria: 1) the mother’s educational level
does not exceed SE, 2) the primary language spoken at home differs from the language of
instruction at school, 3) the neighborhood has a high proportion of 15-year-olds who are two
or more years behind in school, and 4) the student is receiving a scholarship. Each criterion is
scored as either 0 or 1, with the total score being the sum of these scores. The SES variable is
categorical, with higher scores indicating greater educational disadvantage.

Sex. Sex (male/female) was included as a binary variable obtained through Database
Higher Education.

Educational Track. In Flemish secondary education, we distinguish four different
educational tracks: the general track, which prepares students for higher education; the
technical track, which has a dual purpose of preparing students for both further studies and
direct entry into the labor market, but is more specialized; the vocational track, which is
oriented towards employment; and the arts track.

Study Outcome Variables

Study Progress Rate. Study progress rate is expressed as the obtained credits in the

first year of higher education, which is a percentage between 0% (failed all enrolled courses)

and 100% (passed all enrolled courses). We calculated the proportion of enrolled ECTS
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credits® for which the student obtained at least 10 out of 20 after the second exam period. This
score of 10 out of 20 is considered a passing grade in this educational system.

Timely Graduation. Timely graduation is a categorical variable with three categories:
no bachelor’s degree after the prescribed three years plus one extra year (“0”), bachelor’s
degree after the prescribed three years (“1”), bachelor’s degree after four year, so with one
extra year (“27).

Dropout. Dropout is operationalized as leaving higher education during the first year
of higher education (i.e., the student does not transfer to another program and is not enrolled
in a professional or academic bachelor program in the following academic year). The variable
is binary, where “1” indicates dropout and “0” indicates persistence in higher education.
Study Choice Decision

Type of Education. Type of education in higher education is categorized as either
academic bachelor’s or professional bachelor’s (ISCED6).

Analytic Procedure

The analytical process consisted of three steps. First, we constructed student profiles
based on cognitive and non-cognitive skills using latent profile analysis (LPA). Second, we
examined how socio-economic status, sex, and educational track SE, are associated with the
student profiles. Third, we used the identified profiles to predict study outcome measures,
such as study progress, timely graduation and dropout.

Latent Profile Analysis
Latent profile analysis is a model-based technique that assigns individuals to clusters

based on membership probabilities derived directly from the model, which minimizes the

3 Flanders uses the European Credit Transfer and Accumulation System (ECTS) to express the workload of study
programs. A standard academic year of full-time study is 60 ECTS.
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arbitrariness associated with traditional cluster analysis methods (Spurk et al., 2020; Vermunt
& Magidson, 2002). This approach allows us to examine qualitatively distinct configurations
of variables (Spurk et al., 2020). LPA on the standardized scale scores was performed with
Latent GOLD software (Vermunt & Magidson, 2016). A large sample of the big dataset in
Columbus was used to determine the profiles. The exact number of profiles was based on a
balanced fit of different model parameters. The Akaike information criterion (AIC) and the
Bayesian Information Criterion (BIC) statistic helped determine whether adding more classes
would enhance the model fit, with a lower AIC/BIC with k classes compared to one with k-1
classes. We assessed classification accuracy using Entropy R? and Classification Error (CE),
where higher Entropy R? values (closer to 1) and lower CE values (closer to 0) indicate better
predictions (Vermunt & Magidson, 2005). Entropy is typically deemed acceptable if it meets
or exceeds a threshold of 0.8 (Tein et al. 2013). Finally, the number of profiles was
determined not only based on fit indices, but also by taking into account theoretical
justification, simplicity, and ease of interpretation.
Demographic Variables as Predictors of Profile Membership

To investigate whether demographic student variables could impact the profile
membership, we performed three-step analyses with correction methods for underestimation
(Bolck et al., 2004; Vermunt, 2010; Bakk et al., 2013). We used the ML (maximum
likelihood) correction method for nominal variables.
Profiles as Predictors of Study Outcome Variables

We want to predict differences in study outcomes across student profiles based on both
cognitive and non-cognitive variables. To this end, we used each student profile to predict
study progress rate, timely graduation and dropout. Specifically, we used three-step analyses
in Latent GOLD to search for relations between class membership probabilities and study

outcome measures (Bakk et al., 2013). We used the Bolck-Croon-Hagenaars (BCH)
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correction method for continuous dependent variables (e.g. study progress rate) and the ML
method for ordinal or nominal variables (e.g. timely graduation and dropout) (Bakk &
Vermunt, 2015; Spurk et al., 2020).
Compliance with Ethical Standards

The present study is part of the Columbus Project, an assessment and feedback tool for
study orientation towards higher education, commissioned by the Flemish Ministry of
Education and Training, to which the Ethical Commission of the Faculty of Psychology and
Educational Sciences at Ghent University has given approval with reference to 2016/82. The
datasets analyzed during this study are not publicly available due to privacy concerns of
sensitive data. All participants provided written informed consent. Prior to registration,
students agreed to terms and conditions developed in collaboration with the Data Protection
Officer of the Ministry of Education and Training, aligning with the General Data Protection
Regulation (GDPR).

Results

Descriptives and Profiles

Table 1 shows the zero-order correlations among demographic, cognitive abilities,
non-cognitive skills and interests. We examined cluster solutions ranging from 1 to 8 clusters
to identify student profiles within the current dataset. The parameters are detailed in Table 2.

Our evaluation employed a combination of AIC, BIC, classification error, and entropy.
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Table 1
Correlations among Demographic, Cognitive Abilities, Non-Cognitive Skills and Interests
Variable Mean SD 1 2 3 4 5 6 7 8 9 10 11 12 13 14
1. Sex 0.60 049 1
2. SES 0.55 0.87 .03 1
3. Educational 145 059 -02 117 1
track
4. Math ability 0 1 S24™ 19" -45™ 1
5. Verbal 0 1 -10™ -21 -417 477 1
ability
6. Self-efficacy 0 1 147037 -04™ 02  -01 1
7. Self-concept 0 1 -.04™ .00 -04™ 16 167 62" 1
8. Motivation 0 1 19™ .02 -.06™ .00 -01 557 377 1
9. Realistic 0 1 -477 -.047 01 317107 -.08™ 04T -.08" 1
10. Investigative 0 1 -127 -06™  -217 38" 22" 077 167 .08 457 1
11. Artistic 0 1 A3 .02 -03" .00 09" -04™ -02 -03" 18" 217 1
12. Social 0 1 40 -01  -05" -18" -02 .07 -03" .11 -177 157 36" 1
13. Enterprising 0 1 -.147 .03 -147 .06 117 .05 077 .02 A9™ 127 347 17" 1
14. Conventional 0 1 -177 .05 -.09™ .09 .04 .06™ 077 .04 277 217 147 08" 737 1

Note. Sex (0 =male, 1 = female); SES (disadvantaged SES: higher scores, lower SES); Educational track secondary education (1 = general track;

2 = technical track; 3 = arts track; 4 = vocational track); ** p <0.01
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Table 2
Model Fit Statistics of Latent Profile Analysis
Number of  AIC BIC ABIC CE Entropy R?
profiles
1 175,678.27  175,824.07 - .00 1.00
2 164,338.10  164,636.31 11,187.76 .04 .87
3 160,579.77  161,030.41  3,605.90 .07 .85
4 157,175.40  157,778.46  3,251.95 .09 .83
5 155,171.64  155,927.11 1,851.35 11 .83
6 153,798.32  154,706.21 1,220.90 12 .83
7 152,620.52  153,680.83 1,025.38 13 .82
8 151,680.25 152,892.98  787.85 15 .82

Note. CE = Classification Error

By taking into account theoretical justification, simplicity, and ease of interpretation,

we chose the six-profile solution (Vermunt & Magidson, 2002; Hirschi & Valero, 2017; Woo

et al., 2018). We used z-scores for all variables. Table 3 visualizes the final cluster centers,

with each variable being color-coded to reflect its ranking. The variables are ranked from the

highest values, indicated in green, to the 50th percentile, shown in yellow, and down to the

lowest values, represented in red.
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Table 3

Cluster Centers of the Final Six Clusters

1 2 3 4 5 6
BIC EC SSSR LILC RHC ANR
Cluster Size 0.24 0.18 0.17 0.15 0.14 0.12
Math Ability -0.04
Verbal Ability 0.08
Self-Efficacy
Self-Concept

Motivation
Realistic
Investigative
Artistic
Social
Enterprising

Conventional

Note. The cluster centers are color-coded according to their ranking. Variables are ranked
from the highest values (green) to the 50th percentile (yellow) and the lowest values (red).
BIC = Broadly Interested Cognitives; EC = Enterprising Conventionals; SSSR = Socially
Skilled Self-Regulators; LILC = Low Interested Low Cognitives; RHC = Realistic High
Cognitives; ANR = Artistic Non-Regulators

Cluster 1 (24%) are the “Broadly Interested Cognitives”; they are characterized by
high cognitive abilities, average performance on non-cognitive variables, and elevated scores
across all interest dimensions. Cluster 2 (18%) are the “Enterprising Conventionals”; they
exhibit below-average cognitive abilities, above-average non-cognitive skills, and a
distinctive pattern of very low interest in Realistic (R) and Investigative (I) dimensions,
contrasted with very high interest in Enterprising (E) and Conventional (C) dimensions.
Cluster 3 (17%) are the “Socially Skilled Self-Regulators”; they possess average cognitive

abilities, exceptionally high non-cognitive skills, relatively low interest in Realistic (R),
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Enterprising (E), and Conventional (C) dimensions, but high interest in Social (S) dimensions.
Cluster 4 (15%) are the “Low Interested Low Cognitives”; they show low cognitive abilities,
average non-cognitive skills, and generally low interest levels except for the Social (S)
dimension. Cluster 5 (14%) are the “Realistic High Cognitives”; they are marked by high
cognitive abilities, average non-cognitive skills, and varied interest patterns, with particularly
high interest in the Realistic (R) dimension. Cluster 6 (12%) are the “Artistic Non-
Regulators”; they are characterized by below-average cognitive abilities, very low non-
cognitive skills, and low interest levels across most dimensions, except for average interest in
the Social (S) dimension and high interest in the Artistic (A) dimension. Figure 2 displays the
cluster center Z-scores of all variables for the six profiles. Table 4 shows for each cluster the
proportion of students who choose either an academic bachelor program or a professional
bachelor program.

Figure 2

Line Plot of the Cluster Center Z-scores of the Six-Profile Solution
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Table 4

Proportion of Type of Education within each Student Cluster

Academic Professional
Broadly Interested Cognitives 65% 35%
Enterprising Conventionals 44% 56%
Socially Skilled Self-Regulators ~ 53% 47%
Low Interested Low Cognitives 25% 75%
Realistic High Cognitives 58% 42%
Artistic Non-Regulators 34% 66%

Note. Study directions of students in each cluster choosing academic of professional education

Demographics predicting Profiles

We found a significant relation between the predictive demographic variables sex
(Wald y? (5) = 817.89, p <.001), SES (Wald y? (5) = 53.08, p <.001), educational track (Wald
x> (5)=354.24, p <.001), and profile membership. All profiles significantly differ in terms of
sex, except for Enterprising Conventionals (28% male) compared to Artistic Non-Regulators
(31% male). Realistic High Cognitives (90% male) are almost exclusively boys, Socially
Skilled Self-Regulators and Low Interested Low Cognitives exclusively girls (respectively
10% and 14% male).

For socio-economic status, Realistic High Cognitives (69% high SES) score
significantly higher on SES than the other profiles, except for Broadly Interested Cognitives
(66% high SES). Enterprising Conventionals (55% high SES) score significantly lower on
SES in comparison with the other profiles.

For educational track, each profile showed significant differences from the others.
Almost three quarters of the Broadly Interested Cognitives follow general secondary
education. Compared to more than half of the students in the Low Interested Low Cognitives
profile who follow the technical track. Figure 2 provides an overview of the proportions of

sex, SES, and educational track in each profile.
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Profiles predicting Study Outcomes

We investigated the relationship between the membership of profiles and different
outcomes of academic achievement. We used three-step analyses with ML and BCH
correction techniques. First, we ran three-step analyses with ML correction to identify the
differences in timely graduation and dropout across the six student profiles (see Figure 3 for
the descriptives). We found a significant relation between the profiles and on the one hand
timely graduation (Wald y? (5) = 56.54, p <.001) and on the other hand dropout (Wald 2 (5)
=33.66, p <.001).

For timely graduation, the Socially Skilled Self-Regulators (41% obtained a degree
within the prescribed three years) scored significantly better than the other profiles. The
Artistic Non-Regulators (22% obtained a degree within the prescribed three years) had a
significantly lower amount of students who graduated on time than the other profiles. The
Broadly Interested Cognitives (31% graduated on time) and the Enterprising Conventionals
(35% graduated on time) were significantly different.

For dropout, the Low Interested Low Cognitives (4% dropped out) showed
significantly higher dropout rates than the other profiles, except for the Socially Skilled Self-
Regulators (2% dropped out) and the Artistic Non-Regulators (4% dropped out). The Artistic
Non-Regulators also showed higher dropout rates than all profiles, except for the Low
Interested Low Cognitives. The Socially Skilled Self-Regulators (2% dropped out) showed a
small significant difference in dropout in comparison with the Broadly Interested Cognitives
(1% dropped out).

To detect significant differences among the six student profiles on study progress rate,
we ran three-step analysis with BCH corrections (see Figure 3). We found an overall
significant effect, Wald y? (5) = 136.63, p <.001. The Socially Skilled Self-Regulators (M =

0.80, SE = 0.01) demonstrated a significantly higher study progress mean than the other
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profiles. The Artistic Non-Regulators (M = 0.56, SE = 0.02) showed a significantly lower
mean than all other profiles.
Figure 3

Proportions of the Precursor Student Variables and Study Outcomes
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Note. The figure shows the proportions of male sex, high socio-economic status (SES) and
general secondary education track (GSE). The categorical variable timely graduation shows
the amount of students who obtained their degree within the prescribed three years; dropout
shows the proportion of students who dropped out during the first year of HE. For study
progress rate, the figure shows the mean. BIC = Broadly Interested Cognitives; EC =
Enterprising Conventionals; SSSR = Socially Skilled Self-Regulators; LILC = Low Interested
Low Cognitives; RHC = Realistic High Cognitives; ANR = Artistic Non-Regulators
Discussion

The present study aimed to examine the underlying typology of student profiles in
higher education by exploring key elements of McGrew's (2021) framework, particularly
focusing on using both cognitive (math and verbal abilities) and non-cognitive (self-efficacy,
self-concept, motivation, and vocational interests) factors. By employing a person-centered
approach through Latent Profile Analysis and utilizing a large-scale longitudinal data project,

this research offers a comprehensive understanding of student characteristics and their

connection to student variables and study outcomes, which can guide the creation of more
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tailored interventions. Furthermore, this study highlighted the importance of identifying
distinct student profiles to capture the diversity within the population, and the unique, very
large Columbus dataset allowed to do so. Relying solely on a single mean and variance for the
entire sample would inevitably mask the true variation among key subgroups. The analysis
includes examining how variables like sex, socio-economic status, and educational
background influence profile membership. Additionally, the study investigates the
relationship between these profiles and study outcomes, including study progress rate, timely
graduation, and dropout.

The goal was to identify profiles of higher education students with a person-centered
technique. Latent profile analysis on cognitive and non-cognitive skills revealed the presence
of six profiles that were adequate to explain heterogeneity in the student data.

Identifying Student Profiles

About a fourth of the sample fell into the Broadly Interested Cognitives profile marked
by strong cognitive abilities, average results in self-regulating areas, and high scores across all
interest dimensions. 18% were classified as Enterprising Conventionals, defined by below-
average cognitive abilities, above-average self-regulating skills, and a distinctive pattern of
low interest in the Realistic (R) and Investigative (I) dimensions, coupled with a strong
preference for the Enterprising (E) and Conventional (C) dimensions. The Socially Skilled
Self-Regulators, representing 17% of the sample, exhibit average cognitive abilities,
exceptionally strong self-regulation skills, and relatively low interest in the Realistic (R),
Enterprising (E), and Conventional (C) dimensions, but show a strong interest in the Social
(S) dimension. The Low Cognitives Low Interested profile (15%) is characterized by low
cognitive abilities, average self-regulating skills, and generally low levels of interest across all
dimensions. 14% of the sample fell into the profile of Realistic High Cognitives marked by

high cognitive abilities, average self-regulating skills, and varied interest patterns, with
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particularly high interest in the Realistic (R) dimension. The Artistic Non-Regulators (12%)
are characterized by below-average cognitive abilities, very low self-regulating skills, and low
interest levels across most dimensions, except for average interest in the Social (S) dimension
and high interest in the Artistic (A) dimension.

The Broadly Interested Cognitives and the Realistic High Cognitives are more likely
to choose an academic bachelor, while the Low Interested Low Cognitives and the Artistic
Non-Regulators tend to choose a professional bachelor. Academic bachelor’s programs focus
on abstract and theoretical learning, equipping students for further study in a master’s
program, usually at a university. This type of education aligns well with the profiles of
Broadly Interested Cognitives and Realistic High Cognitives. In contrast, professional
bachelor’s programs blend theory with hands-on experience, prioritizing the development of
skills necessary for professional work. While this type of education may seem well-suited to
the profiles of Low Interested Low Cognitives and Artistic Non-Regulators, it is important to
consider that for the Low Interested Low Cognitives, the choice for a professional bachelor
might reflect a 'negative choice’, driven by a lack of interest, motivation, and lower cognitive
abilities. This suggests that these students may face additional challenges, such as staying
engaged and motivated throughout their studies.

Predictors of Profile Membership

We examined the relationship between the profiles and various student variables. The
findings reveal significant associations between the profiles and student variables such as sex,
SES, and educational track SE.

As anticipated based on theory, sex was linked to the different student profiles. Sex
differences are well captured by the profiles. Females are overrepresented in Socially Skilled
Self-Regulators and Low Cognitives Low Interested, males in the Realistic High Cognitives.

These differences are theoretically supported by research from Einarsdéttir and Rounds
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(2020), who argue that social and artistic interests tend to favor women, while realistic,
investigative and enterprising interests tend to favor men. These differences are reflected in
sex-segregated profiles and educational choices. In discussing sex differences in self-
regulation, existing literature reveals disparities that may help explain the distinct profiles
observed. Specifically, research indicates sex differences in academic motivation, with
females generally exhibiting higher levels of motivation (Bugler et al., 2012). Furthermore,
females tend to show greater self-efficacy in language arts, whereas males demonstrate higher
overall self-efficacy as well as specifically in mathematics, computer science, social sciences
(Huang, 2012).

Overall, the profiles are largely SES-neutral, which is interesting from an equity
perspective. However, individuals classified as Realistic High Cognitives tend to exhibit
slightly higher SES, whereas those identified as Enterprising Conventionals show a somewhat
lower SES. The latter finding may be attributed to their strong interest in enterprising
activities, suggesting a potential focus on financial pursuits. Also, it remains the case that
academic and governmental SES indicators are often also cognitively loaded (e.g. referring to
the education of the mother). Among the Broadly Interested Cognitives, 73% were from
general secondary education, while over half of those in the Low Cognitives Low Interested
profile came from technical secondary education. The broad range of interests is characteristic
of general education, which is academically oriented and prepares students for higher
education. The general track is typically regarded as the highest tier, receiving the most
prestige and positive evaluation, whereas the vocational track is viewed as the lowest tier,
often associated with negative perceptions and prejudices (Vandenbroeck et al., 2024). The
technical track occupies an intermediate position in this hierarchy. Students' access to certain
educational tracks may be limited, reflecting the hierarchical nature of these tracks. This

structural characteristic leads to the perception of Flemish secondary education as a 'waterfall
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system’, where students gradually move towards less prestigious tracks (Vandenbroeck et al.,
2024). As aresult, those with lower cognitive abilities and limited interests are more likely to
end up in technical secondary education.
Student Profiles in relation to Study Outcomes

The six student profiles were associated with study outcome measures including study
progress, timely graduation and dropout rates. Our findings revealed that the Socially Skilled
Self-Regulators demonstrating the strongest self-regulating skills were characterized by the
highest rates of study progress and had the largest proportion of students graduating on time.
Moreover, the profile exhibiting the highest overall average study progress was distinguished
by its relatively low or average levels of cognitive skills. These results align with McGrew's
(2021) theoretical framework, which posits that self-beliefs are foundational to motivational
orientations, and together, they drive the pursuit of academic goals. The framework
underscores the critical role of motivation in transforming intentions into actions, with self-
regulated learning mechanisms steering the learning process. Additionally, the framework
emphasizes that motivation and self-regulated learning constructs, which are indirectly
influenced by affective traits, are pivotal in directing the effective use of cognitive abilities
during learning. The capacity of strong self-regulation skills to offset average cognitive
abilities is particularly noteworthy, especially considering that self-regulation is a skill that
can be cultivated and enhanced. Research of Malanchini et al. (2024) shows that the
relationship between non-cognitive skills and academic achievement strengthens over time,
becoming more pronounced throughout the school years. This study demonstrates that non-
cognitive skills become increasingly important predictors of achievement as students age,
emphasizing the importance of fostering these skills.

Artistic Non-Regulators, who exhibited the weakest self-regulation skills,

demonstrated the lowest study progress rates and had the smallest percentage of students
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graduating on time. However, despite having the lowest cognitive abilities, the Low Interested
Low Cognitives achieved better study progress rates than the Artistic Non-Regulators, likely
due to their average self-regulation skills. This finding suggests that self-regulation can
compensate for cognitive deficits and plays a crucial role in determining study outcomes. Van
Iddekinge et al. (2017) offer a theoretical lens through which to interpret this result,
supporting an additive model where ability and motivation independently contribute to
performance. According to their meta-analysis, ability and motivation interact additively
rather than multiplicatively, allowing for high performance even when one variable is strong
and the other moderate. This compensatory effect aligns with our observation that self-
regulation, as a motivational factor, can offset lower cognitive abilities, emphasizing its
critical role in determining academic outcomes. However, we assume that a foundational level
of cognitive abilities must be present.

It is reasonable to posit that the factors essential for academic achievement are also
pivotal in identifying individuals at risk of underperformance and potential dropout (Aina et
al., 2022). In this study, dropout is defined as the act of leaving higher education without
obtaining a degree, so excluding students who transition from for example academic to
professional bachelor programs. The profiles identified as Low Interested Low Cognitives and
Artistic Non-Regulators exhibited the highest dropout rates (4%), which, although seemingly
low, are four times higher than those of the highest performing profiles. These profiles are
both characterized by low cognitive abilities, as well as low interests and very low self-
regulation skills, respectively. These findings are consistent with existing research on dropout
in higher education (Aina et al., 2022).

Practical Implications
This study identifies six diverse student profiles, extracted from a large sample

representing the entire variety of higher education tracks in an open-access system, which



109 CHAPTER 3

allows to capture the dynamics of individual choice without external restraints. This provides
a more nuanced understanding of how students transition to this next stage in their
educational career. These insights highlight the need for tailored support strategies that align
with the specific needs of different student profiles. Certain student profiles may require
additional guidance in exploring their interests before entering higher education due to low
differentiation and being interested in many dimensions (the Broadly Interested Cognitives) or
in little dimensions (Low Interested Low Cognitives). Profiles characterized by high cognitive
skills (Broadly Interested Cognitives and Realistic High Cognitives) could be better prepared
for the self-regulating challenges of higher education. Given our findings that self-regulation
skills can compensate for cognitive abilities (e.g. Socially Skilled Self-Regulators)—and that
these skills are indeed responsive to intervention—it is crucial to focus on developing these
skills during the transition from secondary to higher education. Interventions aimed at
enhancing motivation (e.g. Lazowski & Hulleman, 2016) or improving learning strategies
(e.g. Pandey et al., 2018) have demonstrated effectiveness. Students with less effective self-
regulation skills may benefit from external guidance in the beginning of their higher education
journey.
Limitations and Directions for Future Research

This study has certain limitations that, if addressed, could offer valuable insights for
future research. Firstly, while our research utilized a substantial sample size and focused on
prospective student profiles before entering higher education, it might be beneficial to
investigate student profiles in greater detail by analyzing potential relationships with specific
tracks. Students who are less informed or lack self-awareness regarding their competencies
and interests may be more likely to choose study paths that are either unrealistic or poorly
suited to them, potentially leading to lower success rates in progressing to higher education.

Over time, this misalignment could be explored in terms of misfit, underfit, or overfit with
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respect to the chosen study path, which may further explain disparities in academic outcomes
such as underperformance or dropout.

Secondly, the exploration profiles were derived from self-report measures, which may
introduce bias, as students might have responded in a manner they perceived to be socially
desirable. As a third limitation, we discuss the use of secondary data. Our large-scale
longitudinal data collection allows us to investigate various aspects of CAMML, except for
the affective component, for which we lack data. Future studies that specifically target
affective elements would be necessary to provide a more comprehensive understanding of
student behavior and academic achievement. A last limitation lies in the fact that dropout data
from later years was not included (only from the first year of higher education), as the dropout
rate at that point is significantly lower (Chen, 2011; Lorenzo-Quiles et al., 2023). However,
this aspect might still be relevant for specific subgroups and could be explored in future

research.

Conclusion
In conclusion, this study applies key elements of the Cognitive-Affective-Motivation Model
of Learning (CAMML) using a large-scale longitudinal dataset and a person-centered
approach. By examining first-year higher education student profiles, we aimed to understand
how these profiles are associated with various student characteristics and study outcomes. A
latent profile analysis identified six distinct student profiles based on math ability, verbal
ability, motivation, self-efficacy, self-concept, and vocational interests: Broadly Interested
Cognitives, Enterprising Conventionals, Socially Skilled Self-Regulators, Low Interested Low
Cognitives, Realistic High Cognitives, and Artistic Non-Regulators. Our findings revealed
that while socio-economic status had limited influence on profile membership, sex differences

were pronounced. The Socially Skilled Self-Regulators exhibited the most favorable academic
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outcomes, while Artistic Non-Regulators faced the greatest challenges. These results
emphasize the significant role of self-regulation in compensating for cognitive differences and
underscore the importance of individualized support for diverse student profiles. The insights
gained from this research offer valuable guidance for academic counselors to enhance

academic achievement through targeted interventions.
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Abstract
Students leaving secondary school face the challenge of choosing a suitable degree in higher
education. Despite attempts to assist the study choice process, many students still drop out of
higher education. The present study investigated the role of cognitive and non-cognitive
factors in dropout prediction of first-year students in academic and professional bachelors.
Overall, the results of a logistic regression indicate the importance of mathematical ability,
academic attitude, time management skills and a good interest fit with the study program to
prevent dropout. For academic degrees, mathematical ability and time management are of
particular importance. For professional bachelor programs, the incremental validity of non-
cognitive factors is higher. In addition to mathematics, linguistic proficiency is a second
cognitive factor that relates to professional bachelor persistence. Remarkably, socio-economic
background only has a negative impact on dropout rates in academic programs.
The nuanced differences in program emphasis require tailored support to effectively address

the unique challenges that students may encounter in each type of program.
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Introduction

An increasing number of students enter higher education after their secondary school
career as there is a high demand for academically qualified personnel on the labor market.
Nevertheless, the massification of higher education has its pitfalls, such as low graduation
rates. According to the Organization for Economic Co-operation and Development (OECD,
2019, 2022), the first-year dropout rate ranges from 6% to around 20% of the students who
start higher education full-time (this number varies across both countries and faculties). The
high dropout rate implies high individual and societal costs (Larsen et al., 2013). For example
in Flanders, the government has an average annual cost of € 16,305 per student (EUROSTAT,
2019) and 52.008 generation students enrolled in higher education in 2021-2022 (Viaams
Indicatorenboek, 2023). In many countries, selection examinations or quotas are used to gain
access to higher education, focusing mainly on cognitive selection criteria. Some exceptions
exist, such as in Belgium, with an open-access study environment where entrance is mostly
unrestricted by minimal performance requirements. Higher education systems without
admission criteria are characterized by higher dropout rates compared to more selective
environments due to changes in preparedness of enrolling students or changes in institutional
characteristics (Bound et al., 2010; Woodley & Simpson, 2014). Therefore, such
environments are intriguing for investigating predictors of dropout because there is potentially
less bias in the sample due to preselection.

With many potential degrees to choose from, prospective students face a challenging
decision. The present study addresses this issue by examining the contributing factors to
dropout in a large sample of first-year bachelor students in an open-access context before

actual enrolment.
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Theoretical Perspectives on Dropout

Overall, dropout can be defined as leaving the higher education institution without
obtaining a formal degree (Larsen et al., 2013). Dropping out of higher education results from
a decision process in which various arguments accumulate and interact, which makes it
difficult to build a comprehensive theory (Kember, 1989; Xavier & Meneses, 2020). Instead,
different dropout models are usually created using a variety of dropout conceptualisations,
thus including a variety of determinants. This variety of dropout conceptualisations leads to
different dropout rates and determinants over studies (Behr et al., 2020; Lee & Choi, 2011).

One of the first and widely cited attempts to build a comprehensive theory of dropout
comes from Tinto (1975, 1988, 1997). In his historical sociological Student Integration
Model, Tinto sees dropout as a longitudinal process where the integration between the student
and the institution fails. The student possesses some demographic characteristics, motivations,
and expectations, and should integrate into two distinct but intertwined systems when entering
higher education: the academic and the social system. For the academic system, students who
obey the rules of the institution and get good grades will easily feel structurally integrated.
For the social system, normative integration is obtained through participation in
extracurricular activities and interactions with peers who share the same values. Poor social
and/or normative integration will make the student more prone to drop out.

More contemporary psychological models of dropout focus on the psychological
attributes and skills of students. An example is the model of Bean and Eaton (2000) who posit
that every student enters higher education with certain psychological attributes. By interacting
with people inside and outside the institution, a series of self-assessments is initiated. These
self-assessments can lead to improved self-efficacy, reduced stress, higher confidence levels
and more internal attributions. The model also contains feedback loops as social and academic

integration strengthen the interactions and psychological processes. As a result of the
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psychological processes, the student will feel more socially and academically integrated
which in turn reinforces the intention to persist.
Determinants of Dropout

The present study operationalizes dropout according to a specific definition, aligning
with established literature in the field. First, a distinction has to be made between dropout and
transfer: transfer or re-orientation happens when the student changes study programs. From a
program/faculty perspective on dropout, transfer is a part of the total dropout rate as the
student does not obtain the initially targeted degree. Transfer is a distinct phenomenon when
using a broader view of dropout as these students are still present in higher education and aim
to graduate (Larsen et al., 2013). This study applies this broader view where dropout is
defined as the absence of the student in higher education.

Second, dropout can be categorized as a voluntary choice when financial stressors or
personal reasons lead to the termination of the study career, or as involuntary when the
student fails to pass the exams. A study by Casanova et al. (2018) shows that study success in
the first year of higher education is a key factor in the decision to persist or drop out.
However, voluntary dropout demonstrates the importance of looking beyond cognitive
abilities as determinants. Indeed, non-cognitive factors show predictive validity for
persistence beyond cognitive and demographic characteristics (Robbins et al., 2004). Allen
and colleagues (2009) define non-cognitive factors as “nontraditional predictors that represent
behavioural, attitudinal, and personality constructs, primarily derived from psychological
theories” (p. 2). Thus, these results show that non-cognitive dropout determinants such as
psychological attributes indeed relate to dropout models, which is in line with the proposals of
Bean and Eaton (2000).

The present study aims to identify the students at risk of dropping out based on an

assessment targeting a wide variety of cognitive and non-cognitive factors before actual
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enrolment, when academic achievement is still unknown. We will hereby focus on dropout
prediction rather than explanation to match the practical goal of study counselling in
minimizing the odds of dropout. Indeed, as we focus on preventing dropout, the present study
only uses variables that are measurable before entering higher education. The following
sections discuss the existing evidence on determinants that may be relevant for dropout.
Cognitive Factors

General cognitive ability is one of the strongest predictors of academic achievement
(Roth et al., 2015; Lechner et al., 2017). Various studies emphasize the significance of
cognitive abilities, such as mathematical skills, language proficiency, and vocabulary
knowledge, in predicting academic success (Fonteyne et al., 2015, 2017; Kuiken & Vedder,
2021; Qian & Lin, 2019). We deem it plausible that factors critical to academic success are
also likely to be pertinent in predicting individuals at risk of underperformance and
subsequent dropout. Literature already provides meta-analytical evidence for a negative
correlation between ability and dropout (Aina et al., 2022). Only a few studies report
contradictory findings, associated with high expectations of high ability students and
disappointing achievement (Belloc et al., 2009; DesJardins et al., 1999). When expectations
are not met, there is a greater likelihood of dropout.

In the educational field, prior achievement is commonly used as a measure for
cognitive ability to predict future academic outcomes. Hours of mathematics instruction in
secondary education (SE) are used as a proxy for prior achievement and a score on a basic
mathematical ability test as a proxy for cognitive ability (Fonteyne et al., 2015; Fonteyne et
al., 2017; Schelfhout et al., 2022). Both factors significantly contributed to the prediction of

passing the first year with moderate correlations.
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Non-Cognitive Factors

Cognitive abilities do not seem to explain the whole story of predicting academic
outcomes. Some students with high cognitive skills fail while other students graduate despite
their lower cognitive or test-taking abilities (Komarraju et al., 2013). Especially at higher
levels of education, the correlations between cognitive measures and performance are lower
(Boekaerts, 1995). This may at least in part be due to the problem of range restriction in
environments with closed access (Richardson et al., 2012). The present study focuses on an
open access higher education system, thus allowing for a larger range of cognitive abilities.

Previous research shows the incremental validity of non-cognitive factors above the
traditional cognitive measures in the prediction of academic performance and subsequently
also retention (Allen et al., 2009; Robbins et al., 2004). In this study we focus on the
following non-cognitive factors.
Academic Self-Efficacy. Academic self-efficacy and self-confidence are constructs that relate
to the student’s confidence in their study capability. Self-confident students set higher goals
and are more willing to persevere when encountering difficulties (Behr et al., 2020). Those
students obtain higher grades and are less likely to drop out (Sedlacek, 2011).
Academic Self-Concept. Academic self-concept refers to individuals’ perceptions about
themselves and their capabilities in an academic context (Bong & Skaalvik, 2003). Research
shows evidence for reciprocal relations between academic self-concept and achievement
(Huang, 2011).
Motivation. Students with higher levels of motivation for learning take more responsibility
for their study tasks, making them more willing to persevere (Fong et al., 2017). Higher levels
of motivation benefit their academic outcomes (Lee & Choi, 2011; Morris et al., 2005).
Academic Attitude. The attitude or commitment of the student towards school and

educational program, manifests itself in the level of importance that education takes in daily
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life. Mékinen et al. (2004) investigated these attitudes in Finnish students, and found that non-
committed students were more likely to drop out than the study-oriented and work-life
oriented group.

Self-Regulation. To be successful, students must regulate themselves in their study process.
Self-regulation or -control are related concepts that are positively associated with achievement
(Dent & Koenka, 2016).

Lack of Regulation. Contrarily, lack of regulation negatively affect academic outcomes, as
they are less likely to exert regular study behaviors and learning strategies (Steel, 2007; Van
Bragt et al., 2011; Vermunt & Donche, 2017).

Time Management. Those study behaviors require time management, a competence that
shows incremental validity above prior knowledge in predicting academic success (Kitsantas
et al., 2008). Knowing how to organise the study time and -environment is an important factor
for retention (Goldfinch & Hughes, 2007). Many freshmen do not process adequate time
management skills to succeed in higher education (Wintre et al., 2011).

Interests: Person-Environment Fit. Students are more likely to feel satisfied in an
educational program fitting their interests. The RIASEC theory of Holland (1997) represents
six interest dimensions on a hexagonal model in clockwise order: Realistic, Investigative,
Artistic, Social, Enterprising and Conventional. Holland’s theory allows a commensurate
measurement: both the interests of the person (student) and environment (study program) can
be represented on the same scale of the six dimensions. As a measure of Person-Environment
fit (PE fit), the interest profile of the student and their study program can be correlated using
Pearson’s product-moment correlation coefficient. Higher scores imply a better fit between
the student’s interest and the program, which is beneficial for study achievement and

persistence (Allen & Robbins, 2010; Schelthout et al., 2022; Tracey et al., 2012).
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Demographic Factors

Socio-economic inequality is associated with educational inequality, thus impacting
dropout rates (Behr et al., 2020). Students with a low socio-economic status (SES) seem to be
disadvantaged in entering higher education (James, 2007). A study by Miiller and Schneider
(2013) demonstrates the effect of social origin at universities, where students with a higher
SES are less prone to drop out. The researchers also found a different impact of SES: at the
universities of applied sciences, dropout rates are not significantly impacted by social
background, but the likelihood of entrance is affected. Despite having a more disadvantaged
social background, some students are successful because of their (non-)cognitive qualities that
cancel out the negative effect of SES (Mare, 1980; Miiller & Schneider, 2013). These studies
did not control for cognitive ability or study results, a gap that we aim to address.

Taken together, we identified several (non-)cognitive factors that either are shown to
be related to dropout in previous research, or that could potentially contribute to dropout rates
because of their pivotal role in academic achievement and/or persistence. In the present study,
we aim to target the disagreement regarding the number and importance of predictors of
dropout (Behr et al., 2020), by investigating this large variety of predictors simultaneously in
a large student sample for which all these variables were individually assessed.

Present Study

We specifically aim to predict dropout instead of mere academic achievement by
assessing a range of cognitive and non-cognitive factors. As the goal of prediction differs
from explanation, this implies that all determinants of possible dropout must be measurable
before higher education entrance to align with the practical goal of minimizing dropout rates
through study counseling (Van Bragt et al., 2011). To this purpose, we analyze longitudinal
data from Columbus, a region-wide instrument used for study orientation to programs at all

institutions in Flanders (sixteen university colleges and five universities) that contains a broad
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range of student characteristics spanning the entire Flemish region. The higher educational
system in Flanders is an interesting case study. It is organized in two paths: professional
bachelor degrees (International Standard Classification of Education (ISCED) level 6) offered
at university colleges and academic bachelor and master degrees (levels 6 and 7) offered at
universities (UNESCO Institute for Statistics, 2012). University education is composed of a
three-year academic bachelor offering theoretical knowledge, followed by a one or two-year
master's program. Professional bachelor education mainly focuses on the practical and applied
side of learning. Therefore, academic and professional bachelor degrees (although both
classified as ISCED 6) differ in finality. As academic and professional bachelor levels differ,
we intend to compare dropout predictors in both educational levels. This comparison has not
often been made (Van Rooij et al., 2017). The results could lead to refinements in dropout
models by taking into account the nature of subsequent education, thereby offering insights
for both theoretical development and practical applications, such as the design of effective
support and remediation programs.
Method

The Columbus Project: Questionnaires and Dataset

Columbus is an online self-exploratory tool to support the study choice of students in
the last two years of SE when exploring the higher education landscape (Demulder et al.,
2020). The instrument consists of four modules that query the study choice process: (1) study
choice process, (2) motivation and study skills, (3) cognitive abilities, and (4) vocational
interests. Once a student enters higher education, Columbus data is linked to information
about the degree (e.g. institution, program, type of education) and outcome variables (study
success and dropout) for every academic year of enrolment, so that unique longitudinal

relations may be investigated. The administrative database of the Flemish Department of
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Education and Training also contains relevant variables about students' secondary education
careers such as PE fit, hours of mathematics instruction in SE, sex and SES.

To address our research questions, the available five cognitive variables (mathematics,
language proficiency, vocabulary, reasoning and hours of mathematics instruction); eight non-
cognitive (self-efficacy, self-concept, motivation, academic attitude, self-regulation, lack of
regulation, time management and PE fit) and a demographic measure (SES) were selected
based on dropout literature.

The anonymized data' from two cohorts starting higher education in 2018-2019 and
2019-2020 is used in this study. In this dataset, 6.4%? of the students who start higher
education drop out in or after the first year. We posit that this percentage is a conservative
estimate due to the operationalization of dropout, where only students are included who are no
longer enrolled in higher education after one year. Students who change majors or re-orient
between study levels are not considered as dropouts. The full dataset (Np = 11,414; 51%
academic bachelors; 49% professional bachelors) counted 731 students who dropped out; 589
of them followed a professional bachelor, 142 an academic bachelor. In other words, dropout
rate in professional bachelors was 10.5% and in academic bachelors 2.5%?. A random sample
of 731 persisting students matched on educational level of higher education enrolment was
drawn from Ny to obtain the sample for dropout prediction, N1 = 1,462 (602 males, 858

females). Below, the measurement of all included variables is discussed.

' We chose data from the pre-corona years to minimize contamination from an external factor.

2 The overall first-year dropout rate among full-time higher education students varies from 6% to approximately
20%. In Flanders, specifically, 13.6% of students drop out after the first year. The instrument is less commonly
utilized within the technical and vocational track, which could explain this underestimation.

* Academic bachelors are more likely to redirect to a program of a lower level of study, rather than leaving
higher education immediately
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Cognitive Measures

Columbus assesses basic mathematical skills using the validates test of Fonteyne et al.
(2015) with 25 items. Advanced numerical competence is measured by ten additional
questions as some academic degrees require higher levels of mathematical insight. The basic
and advanced mathematical test scores can be combined into one mathematics score (o = .87).

For the language component, two questionnaires are administered. Vocabulary is
assessed by the Dutch version of the LEXtale (Lexical Test for Advanced Learners of
English; Lemhofer & Broersma, 2012). With 60 items (a = .68), this un-speeded lexical
decision task gives a quick yet valid indication of language proficiency. Apart from
vocabulary, academic language proficiency is surveyed with the linguistic strategies test (De
Wachter et al., 2013; De Wachter & Heeren, 2013). The fourteen items (a = .66) referred to
word knowledge, reading ability and writing ability.

A non-verbal reasoning scale, Rules* is used consisting of an induction and deduction
item set. This non-verbal test is based on Cattel, Horn and Carroll’s model where inductive
(14 items, o = .62) and deductive (14 items, o = .69) reasoning are part of the broad cognitive
ability of fluid intelligence (Alfonso et al., 2005).

In addition, the number of hours of mathematics instruction in SE as a proxy for prior
achievement was added based on the study program in the last year of secondary school.

The study progress rate used in supplementary analysis is operationalized by the
number of obtained credits for academic progress. The progress rate is a continuous variable

between 0 (failed all enrolled courses) and 1 (passed all courses). We calculated the

4 A pilot study was conducted to test the correlation between the new measure that was used for the
operationalization of fluid intelligence and RAVEN. A positive Spearman correlation of .62 was found (p <.001,
N =235). Rules correlates highly with other measures of cognition and moderately with achievement scores such
as GPA and obtained credits.
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proportion of enrolled ECTS credits® for which the student obtained at least 10 out of 20 after
the first year of higher education.
Non-Cognitive Measures

Self-efficacy is assessed by four items (o = .88) of the LEMO (Learning strategies and
motivation questionnaire; Donche et al., 2010) and reflects the estimation of one’s own study
competence. Academic attitude (six items, o = .62) measures the importance of studying in
the student’s daily life, while motivation (six items, a = .76) concerns taking responsibility for
study tasks. Both components are included as measured by the LASSI (Learning and Study
Strategies Inventory; Lacante et al., 1999). Lastly, the organizing and processing categories
query study skills. In the prospect of this study, only three factors of organizing will be used.
Time management (LASSI, six items, o = .69) is about adequate planning and the
combination of tasks. Self-regulation (LEMO, six items, a = .72) concerns how the student
controls the study process. It encompasses determining when the study material is sufficiently
mastered and adjusting study planning. In contrast, students may encounter difficulties
delineating what they need to know and planning how to acquire that knowledge, which is
measured by the subscale lack of regulation (LEMO, four items, o = .67).

In addition to the LEMO and LASSI variables, academic self-concept is assessed by a
seven-items subscale (a = .84) of the Self-concept scale (Wouters et al., 2011). All questions
were rated on a Likert scale from 1 to 5 with a textual description of each score.

Congruence between the interest profile of the student and the study program increases the
likelihood of satisfaction and continuation until graduation (Suhre et al., 2007). The SIMON-I

(Fonteyne et al., 2017) that is used in Columbus is used to survey interests and based on the

® Flanders uses the European Credit Transfer and Accumulation System (ECTS) to express the workload of study
programs. A standard academic year of full-time study is 60 ECTS.



DROPOUT 138

RIASEC model of Holland. In addition to the six interest dimensions, an academic scale is
included to access the interest towards an academic or professional bachelor (Fonteyne et al.,
2017). Students have to indicate on a yes-or-no scale whether they would enjoy 114 RIASEC
activities (e.g. starting up an enterprise) and 72 occupations (e.g. lawyer). The RIASEC
dimensions scales have a Cronbach’s alpha ranging from o = .80 to & = .92. One way to
obtain program interest profiles is the incumbent method which relies on the principle that the
environment is determined by the people in it (Schelthout et al., 2021). The interest scores of
successful and persistent students of a program, the so-called incumbents, are used to
calculate the average interest profile of that particular program (Allen & Robbins, 2010). To
obtain the PE fit variable, the interest profile of the student is correlated with the program
profile. This correlation also includes the academic scale.
Demographic Factors

An additional variable was used to include student background. Socio-economic status
(SES) in an educational context was measured by the educational disadvantage indicator that
is used by the government to grant social benefits (in Dutch: Onderwijs kansarmoede-
indicator; Datawarehouse Onderwijs en Vorming, n.d.). A number ranging from zero to four
is computed based on the following indicators; 1) the mother’s educational level is not higher
than SE, 2) the language spoken at home is different from the language spoken at school, 3)
the neighborhood has a high percentage of 15-year-olds with a school delay of two years or
more and 4) the student receives a scholarship. Each indicator is scored as 0 or 1, and the total
score is the sum of these individual scores: The SES variable is categorical with higher scores
indicating greater disadvantage.
Sex (male/female) was included as a binary control variable obtained via Database Higher

Education.
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Outcome Variable

Dropout in the first academic year is operationalized as leaving higher education either
during or at the end of the first year (i.e., the student does not switch programs and is not
enrolled in a professional or academic bachelor program in the following academic year). The
variable is binary, where “1” indicates dropout and “0” indicates persistence in higher
education.
Analytic Procedure

Preliminary analyses were performed in SPSS statistics 28.0. To estimate the effect of
the predictors, stepwise binary logistic regressions with dropout as dependent variable are
conducted in R studio v4.3.1, with a = .05. We use a binomial generalized linear model with
logit link function and backward selection by Akaike information criterion (AIC). The
variation inflation factors (VIFs) were calculated to assess possible problems with
multicollinearity. Effect sizes were calculated with the “effectsize” package v0.8.2 (Ben-
Shachar et al., 2020).
Data Availability Statement

The datasets analyzed during the current study are not publicly available due to
privacy concerns of sensitive data, but are available from the corresponding author on
reasonable request. We can provide information to the editor or other researchers as to how
the data was obtained, which variables were used, and any selection criteria for inclusion in
the sample. We will provide data documentation (such as coding) that was used to produce

the results of this study upon request with other researchers.
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Results
Preliminary Analysis of Demographic Variables

Preliminary analyses were conducted to examine whether prior achievement
(operationalized by hours of mathematics instruction) and SES affected the outcome variable
dropout. If so, the variable was included in the main analyses.

The cohort comparison revealed no significant differences in dropout between students
starting higher education in 2018 (708 students) or 2019 (754 students), y°(1, N = 1,462) =
.04, p = .83. The dropout rates did not differ significantly along gender, y*(1, N=1,462) =
2.21, p =.14. To look at differences in social background, SES was used. The Chi-Square
Test indicated significant differences between the educational disadvantage levels, y?(4 , N =
1,462) =40.50, p <.001, Cramer’s V = .17, showing that students with lower SES are more
likely to drop out. In addition, students dropping out had significantly less hours of
mathematics instruction in SE, Welch F(1, 1460) = 117.70, p < .001, o’ = .07. Thus, SES and
hours of mathematics instruction were included in the subsequent analyses.

Table 1 shows the zero-order correlations. All variables except for self-regualtion and
gender, show the expected associations with the outcome variable dropout with weak to

moderate correlations.
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Table 1
Zero-Order Correlations
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
1. Mathematics -
2. Vocabulary .26 -
3. Language 437 327 -
4. Reasoning S77 227 367 -
5. Hours math  .61"" .18 33" 40" -
6. Self-efficacy -.03 -02 -03 -10% -02 -
7. Attitude 06" A3 147 097 067 347 -
8. Motivation .01 .00 .01 -.01 06" 547 527 -
9. Time -06"  -.03 -.02 -08"  -.01 557 427 587 -
management
10. Self- -.05 -05" .03 -.03 -.01 23" 26" 407 397 -
regulation
11. Lack of -177% -.09"  -23"  -10" -10" -38" -267 -227 -267 .02 -
regulation
12. Self-concept .06 06" A1 .01 -.03 627 29" 36 317 137 417 -
13. PE fit -.02 06" .01 -.01 -.02 107 16 .08 117 .05 -09" .08 -
14. SES -197 =207 -19™  -21 -18" 077 -.03 09" .06 08" .04 06" -06" -
15. Gender -26" .03 -06"  -157 12" a7t 25" 23" 19" 117 01 .02 207 .02 -
16. Dropout S277 117 18T 197 -277 0 -.097 -4 117 -137 0 -0l A1 -077 - 107 147 -.04 -
Note. N=1,462."p<0.05 ~ p<0.01
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Dropout Prediction: Logistic Regression

Dropout as the binary dependent variable was regressed on the independent cognitive
(hours of mathematical instruction in SE, mathematics, linguistic strategies, vocabulary and
reasoning), non-cognitive (self-efficacy, academic self-concept, motivation, attitude, self-
regulation, lack of regulation, time-management and PE fit) and demographic (SES) variables
using a binomial generalized linear model with logit link function and backward selection.
After backward selection, the final model included SES, hours of mathematics instruction in
SE, mathematics scores, PE fit, attitude and time management and performed significantly
better than the null model, ¥*(6, N = 1462) = 203.49, p < .001. The model showed a
Nagelkerke R?=.17. No problems with multicollinearity were observed (All VIF < 1.43). As
seen in Table 2, all remaining predictor variables contributed significantly to the prediction of
dropout in the first year. Lower SES indicated a greater likelihood of dropout (odds ratio > 1,
logit(d) > 0). More hours of mathematics instruction in SE, a better interest fit with the
program and higher scores on the mathematics test, attitude and time management scales
make the students less likely to drop out (odds ratio < 1, logit(d) < 0). The non-cognitive
factors accounted for 4% explained variance! above and beyond the cognitive determinants
(Nagelkerke R? = .10) and demographic variables.

We opted not to conduct an analysis focused on explanation due to the primary aim of
our study, which centered on predictive modeling before enrolment. However, we did perform
an analysis involving the study progress rate as additional predictor, the results of which are

provided in the supplementary materials (see Appendix 4). The model showed a Nagelkerke

! Strictly speaking, we cannot speak about explained variance in the context of logistic regression. Pseudo R’
measures such as Nagelkerke R’ are measures to assess the performance of the model by comparing the deviance
of the null model with the deviance of the model with predictors.
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R?= .71 with study progress rate and mathematics contributing significantly to dropout.
Table 2
Logistic Regression Model after Backward Selection -Parameter Estimates, Odds Ratios,

Effect Sizes and Model Evaluation — Predicting Dropout in the First Year of Higher

Education
Predictor M SD b SE  OR  Logit(d)
Intercept 4117 45 60.92
SES 0.72 098 0.19" .06 1.21 0.10
Cognitive factors
HMISE 346 138 -027"" .05 0.76 -0.15
Mathematics 17.60 7.01  -0.05"" .01 0.95 -0.03
Noncognitive factors
PE fit 056 035 -0.49** 16 0.61 -0.27
Attitude 3.58  0.54 -0.28" .12 0.75 -0.15
Time management 294 065 -036™ .10 0.69 -0.20

Model evaluation

Chi-square 203.49™
AIC 1837.3
Nagelkerke R’ 17

Note. OR = odds ratio, SES = educational disadvantage indicator with higher scores
indicating greater disadvantage, HMISE = hours of mathematics instruction in SE, AIC =

Akaike information criterion. ™ p <.01, ™ p <.001

Type of education Analysis of the full initial sample (Ny) revealed significantly higher dropout
rates for professional bachelors (10.5%) in comparison to the academic bachelors (2.5%) ,

2x’(1, N=11,414) = 306.85, p < .001, Cramer’s V = .16. Separate logistic regressions were
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conducted on the data of students following an academic or professional bachelor to reveal
differences in dropout prediction. The same 14 predictors were included for backward
selection. Both regressions did not show multicollinearity (All VIF < 1.78).

After backward selection, the model for dropout prediction in the academic subsample
included SES, hours of mathematics instruction in SE, mathematics and time management.
The likelihood ratio test for the academic subsample was significant, y*(4, N =284) = 54.41, p
<.001 and explained 23% of the variance in dropout in the first academic year. The results are
provided in Table 3. All remaining predictor variables reached significance, except for hours
of mathematics instruction in SE which was marginally significant, p = 0.06. The SES
indicator had the largest effect size logit(d) = .26, indicating that the odds of dropout are
significantly increased by factor 1.61 for a one-unit flat increase in SES educational
disadvantage indicator with higher scores indicating greater disadvantage. For mathematics
and time management, increasing the test score by one point decreases the odds of dropping
out by 6% and 37%, respectively.

Table 3
Logistic Regression Model after Backward Selection - Parameter Estimates, Odds Ratios,

Effect Sizes and Model Evaluation of the Academic Sample

Predictor M SD b SE OR Logit(d)
Intercept 3477 80 32.11
SES 0.64 099 047" .16 1.61 0.26
Cognitive factors
HMISE 447  1.46 -0.24 13 0.79
Mathematics 2243 721 -0.06" .02 0.94 -0.03
Noncognitive factors

Time management 296  0.65 -0.46° 20 0.63 -0.25
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Model evaluation

Chi-square 54.41™
AIC 349.3
Nagelkerke R’ 23

Note. N =284. OR = odds ratio, SES = educational disadvantage indicator with higher scores
indicating greater disadvantage, HMISE = hours of mathematics instruction in SE, AIC=
Akaike information criterion. Hours of mathematical instruction was marginal significant with

p=.06, " p<.01," p<.001

Regarding the professional bachelor, the model that resulted from backward selection
consisted of PE fit, hours of mathematics instruction in SE, mathematics, language strategies,
attitude and time management. The results are provided in Table 4. The likelihood ratio test
was significant, y?(6, N= 1174) = 200.46, p < .001. The model explained 21% of the variance
in dropout in the first professional education year. All six remaining predictors significantly
contributed to the prediction of dropout in the first year. When all other variables remain
constant, an additional hour of mathematics instruction in SE significantly results in a flat
decrease of 33% in the odds of dropout. The odds of dropout are significantly decreased by
factor .95 and .99 for a one unit flat increase in mathematics and linguistic strategies
respectively. Regarding the non-cognitive factors, significant effects for PE fit, attitude and
time management are observed. The odds of dropout are expected to diminish by factors 47%,
34% and 30% in case of a flat increase of one unit on PE fit, attitude and time management,

with all other variables kept constant.
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Table 4
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Logistic Regression Model after Backward Selection - Parameter Estimates, Odds Ratios,

Effect Sizes and Model Evaluation of the Professional Sample (N = 1,174)

Predictor M SD b SE  OR  Logit(d)
Intercept 5.60™" .55 269.26
Cognitive factors
HMISE 322 124 -039"™ .07 0.67 -0.22
Mathematics 1643 644  -0.06"" .01 0.95 -0.03
Linguistic strategies 39.86 18.12 -0.01"™ .00 0.99 -0.01
Noncognitive factors
PE fit 0.56 035 -0.63"" .19 0.3 -0.35
Attitude 3.56 054 -0427 13 0.66 -0.23
Time management 294 065 -0.357" .11 0.70 -0.19
Model evaluation
Chi-square 200.46™"
AIC 1446.6
Nagelkerke R’ 21

Note. N=1174. OR = odds ratio, HMISE = hours of mathematics instruction in SE, AIC =

Akaike information criterion. ™ p <.01, ™ p <.001

Discussion

Despite the large inflow into higher education, many students fail to complete their

degree. Dropout rates are high (e.g., OECD countries from 6% to around 20%), which has

both personal consequences (e.g., lack of diploma, lower wages) and economic implications

(e.g., diminished return on investment in education). According to the theoretical framework

of Bean and Eaton (2000), increasing attention is paid to the role of non-cognitive factors in
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relation to study success, over and beyond cognitive abilities (Robbins et al., 2004). The
present study combines cognitive and non-cognitive variables to predict dropout in the first
year of higher education and identify students at risk, by analyzing data of a large-scale
project including data across educational institutions and levels.
Overall Dropout Prediction

The present study revealed that the non-cognitive variables PE fit and time
management had the largest effect on the likelihood of dropout in the first year, as quantified
by logit(d). A good interest fit between the student and their environment, in this case the
study program, enhances satisfaction and makes students less likely to drop out (Suhre et al.,
2007; Tracey et al., 2012). Academic persistence is also driven by students’ evaluation of
their time management skills (Goldfinch & Hughes, 2007). We demonstrated that higher
perceived time management skills contribute to a reduced likelihood of dropout. Regarding
motivational factors, academic attitude turned up as a significant non-cognitive predictor.
Students who attach more value to their studies are more willing to persevere (Mékinen et al.,
2004). The results also confirm the importance of mathematical abilities in dropout prediction
(Aulck et al., 2016; Fonteyne et al., 2017) as higher mathematics scores reduced the chances
of dropout. In addition, more hours of mathematics instruction in SE decreased the likelihood
of dropping out, which aligns with previous research (Fonteyne et al., 2015; Fonteyne et al.,
2017; Schelfhout et al., 2022). Besides the (non)cognitive factors, socio-economic status plays
a role. The effect of the SES variable is exemplary of the problem of educational inequality
(Brown, 2017). Controlling for cognitive and non-cognitive factors, students with a lower
SES were found to be more prone to drop out. However, socio-economic background is not
necessarily determining for academic achievement (McKay & Devlin, 2015). Students with a
lower SES can be successful in higher education by possessing certain (non-cognitive)

characteristics that cancel out the educational disadvantage (Damian et al., 2015; Mare, 1980;
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Miiller & Schneider, 2013). However, we did not account for interaction effects with SES in
this study. In sum, we have empirical evidence that cognitive, non-cognitive and demographic
characteristics of students contribute to being at risk for dropout before enrolment. This
finding is in line with the review study of Behr and colleagues (2020). While academic
achievement is typically among the most important factors contributing to dropout (Aina et
al., 2022), we deliberately excluded study progress rate from our analysis to focus solely on
predicting the likelihood of dropout, rather than providing retrospective explanations. Since
we do not have data on academic achievement at the point of entry into higher education, we
cannot use this factor in academic advising and study counseling. Our aim is to develop a
predictive model for use in study advising before students enroll, without relying on post-
enrolment data. This deliberate exclusion aligns with our objective to assess how far we can
predict dropout risk based solely on pre-enrolment factors, without the influence of
subsequent academic performance or other post-enrolment variables. Even so, our final model
explained a notable 17.3% of the variance in dropout in the first year, showing that there are
indeed a priori factors that increase the chance of being at risk for dropout. While this
percentage may seem modest at first glance, it becomes more significant when compared to
the large explained variances typically achieved with academic performance in the first year
(Pascarella & Terenzini, 2005; Allen et al., 2008). We also found a high explained variance
when we included study progress rate. Placing the 17% explained variance in dropout
prediction into this context reveals its strength. Suggesting that achieving a 17% explained
variance without relying on academic performance or similar metrics is not inherently
inferior, considering the predictive assessment pre-enrolment is devoid of such important
indicators.

In most studies, the effect of one or several variables is examined, sometimes without

controlling for other important potential predictors. By considering them together here in a
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large sample, we can provide a more robust understanding and gain better insight into which
variables play a more prominent role in predicting dropout. The zero-order correlations show
significant relationships between our variables and dropout which is largely in line with
literature. Despite the selection of 14 variables based on literature, only six predictors yielded
significance. Studies use different conceptualizations of dropout and rely on different datasets
in varying educational contexts (Behr et al., 2020). Although there is evidence for the
predictive power of both cognitive and non-cognitive factors for dropout, the exact
determinants of dropout vary across studies.

Academic vs Professional Dropout Prediction

Academic and professional degrees (ISCED 6) differ considerably on subject matter,
conceptual depth and workplace learning. However, few studies compare both types of
degrees (Van Rooij et al., 2017). Separate analyses are conducted here for the academic and
professional samples to identify dropout predictors in both types of degrees. Overall, we
explain approximately the same amount of variance in both educational tracks, with 23% for
the academic track and 21% for the professional track. However, we observe differences in
importance of predictors, as well as variations in effect size between different types of
educational tracks. We first describe the variables that are relevant to both education types,
and then we address the differences.

Mathematics scores constitute a shared factor crucial for identifying dropout risk
within higher education with approximately equivalent low effect sizes. However, in
comparison to professional bachelors, academic programs are by definition more research-
oriented and typically include additional statistics courses, which require mathematical skills
(Fonteyne et al., 2015). The present study confirms the importance of good mathematical
abilities to prevent dropout, but the effect is rather small for both tracks. In professional

bachelors, we find a stronger effect for mathematics instruction in SE as a proxy for prior
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achievement. Dropout within academic bachelor programs constitutes the cessation of higher
education pursuits without transitioning to a professional bachelor program, thereby
suggesting that cognitive abilities may exert less influence compared to instances of
academic-to-professional reorientation. Consequently, the incidence of transitioning from
academic study to dropout status may more frequently stem from personal circumstances
rather than cognitive limitations. This distinction is particularly pertinent within the context of
dropout prediction research in higher education, where dropout events are delineated from
instances of transfer, wherein individuals discontinue enrolment in a particular academic
trajectory but redirect their educational path within the higher education system without
complete disengagement.

Time management is present in both educational tracks, serving as predictor with
approximately equivalent and quite large effect sizes. Adequate time management seems to
protect academic and professional bachelor students from dropout. Although self-efficacy is
one of the strongest predictors for academic bachelor performance (Richardson et al., 2012),
this study did not provide evidence that self-efficacy predicts dropout. This conclusion does
not hold when other variables are taken into account. Richardson et al. (2012) did not consider
clusters of variables in relation to dropout and was focused on study achievement.

Non-cognitive factors seem of greater importance for students attending professional
degrees as more non-cognitive factors were significant, thus resulting in a higher incremental
validity for the non-cognitive variables (additional explained variance 5.8%, academic sample
3.9%). In addition to academic attitude, higher levels of time management skills and PE fit
lower the risk of dropout. PE fit is the predictor with the highest effect size for dropout in
professional bachelors. Professional degrees including internships require practical skills and

direct application of knowledge, necessitating strong time management and a proactive
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academic attitude. Students who excel in these areas are better equipped to handle the unique
challenges of these programs.

Linguistic strategies are a predictive cognitive factor for professional dropout, but its
effect size is rather small. The relevance of linguistic proficiency for academic and
professional bachelors was earlier demonstrated by its correlation with study efficiency (De
Wachter et al., 2013; Vrijders & Bonne, 2017). Regarding dropout, language proficiency only
seems to protects professional bachelor students.

The socio-economic status variable showed the largest effect on academic dropout,
implying higher odds of dropping out when having lower SES. The picture is different in the
professional degrees. SES is no longer significant, which aligns with the findings of Miiller
and Schneider (2013). They found that social origin does not directly affect dropout rates at
the universities of applied sciences. The authors provide two explanations related to the pre-
tertiary school track, which is influenced by social background. Pupils who do not come from
general SE may encounter adaptation difficulties at universities. When already possessing a
vocational qualification (after vocational SE), the additional benefit of the degree is lower.
Those students may be less committed, which illustrates the effect of academic attitude
observed for the professional students.

The explained variances of both educational tracks are quite high, considering that we
aimed to predict dropout on the basis of an assessment tool before actual enrolment, when
academic achievement is still unknown. The results indicate the most relevant competencies
and abilities in dropout prevention in the two types of degrees. Students may be alerted in
case of potential deficit(s) and invited for support programs in accordance with the student’s

needs.



DROPOUT 152

Practical Implications

The primary objective of this study was to identify students who may be at risk of
dropping out prior to their enrolment, utilizing an assessment that encompasses a diverse
range of cognitive and non-cognitive factors. This assessment occurs before any academic
achievements are known. Our focus lies specifically on predicting dropout risk rather than
explaining its causes, aligning with the practical aim of study counseling to reduce dropout
rates. Given that study counseling interventions rely on understanding individual student
characteristics, our study exclusively incorporates variables that are measurable before
students enter higher education. By identifying these variables prior to the transition, it
becomes possible to proactively address potential issues and hopefully reduce dropout rates.
Based on our findings, it can be argued that initially study counseling may proceed similarly
for professional and academic bachelor's programs. This general approach is due to the
common foundational skills and knowledge required across both types of programs. However,
specific remediation may be necessary in certain cases due to differences in the focus and
demands of the programs. For instance, professional programs may require more practical
skill development, while academic programs might need more emphasis on theoretical
understanding. These nuanced differences in program emphasis necessitate tailored support to
address the unique challenges students may face in each type of program.

As Bean and Eaton (2000) already claimed, non-cognitive factors cannot be ignored in
dropout theories. The results confirm the importance of including non-cognitive variables for
study choice orientation (Farruggia et al., 2018; Kalsbeek et al., 2013). Providing students
with insights about their cognitive and non-cognitive abilities before enrolment increased their
chances to choose the right program (Demulder et al., 2020) and may contribute to reduced
dropout rates. Secondary schools may already play a role in preparing pupils for higher

education. It is crucial to emphasize that interventions aimed at enhancing non-cognitive skills
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can be implemented before the transition to higher education, preparing students more
effectively. Such proactive measures, including improving self-regulation skills and
motivation, can lead to a smoother transition and better long-term academic outcomes. Once
in higher education, groups at risk of dropping out (as identified by, for example, weaker
attitudes towards higher education) can be invited for (online) support programs according to
their (non-)cognitive needs (Dent & Koenka, 2016). Universities should be aware of the effect
of social inequality on dropout. However, it is crucial to approach interventions with
sensitivity, particularly concerning potential deficits. Recommending alerts or interventions
based on identified deficits may carry the risk of being harsh and stigmatizing. There is a
concern that such measures could adversely impact student motivation and potentially
infringe on privacy regulations. Therefore, any recommendation in this regard should be
meticulously considered before implementation, ensuring a cautious approach that safeguards
both student motivation and privacy rights.

Strengths, Limitations and Directions for Future Research

Although the use of the Columbus database has its strengths, such as the large sample
size, the longitudinal linkage of assessment before enrolment and actual academic
achievement, and the inclusion of a wide range of predictors, there are also limitations.

A possible explanation for why certain variables, such as learning strategies, do not
emerge as predictors could be their dynamic nature. Specifically, what is measured in the
Columbus database reflects students' perceptions of their learning methods at the end of SE.
These perceptions might not necessarily align with their actual engagement and strategies in
HE. These variables can be subject to change, which can evolve positively or negatively
depending on the context.

An imperative avenue for future research involves a qualitative exploration of the

reasons behind student dropout, considering the substantial number of participants lost in this
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category. Understanding the self-perceived reasons for dropout among these students would
provide invaluable insights into the factors influencing dropout. Linking this exploration to
Tinto's Student Integration Model (1975, 1988, 1997) can highlight the roles of academic and
social integration, offering a comprehensive understanding of the dropout phenomenon.

Of course, there are variables outside the Columbus set that may contribute to dropout
prediction. The instrument does not query environmental factors (Lee & Choi, 2011; Xavier
& Meneses, 2020), nor the quality of the relationships with peers and institution. Students
may decide to quit higher education despite good grades because of personal circumstances
(e.g. working while studying, financial strain) or unsuccessful normative and/or social
integration (Tinto, 1975, 1988). Additionally, personality traits such as conscientiousness may
play a role in predicting persistence. Personality is important as it predicts what the student
will do, despite what the student can do as defined by cognitive ability (Furnham &
Chamorro-Premuzic, 2004). Van Bragt et al. (2011) found conscientiousness as one of the Big
Five personality dimensions that positively influences the number of acquired course credits
and retention rates.

However, students sometimes continue in higher education despite being at risk of
dropping out or having lower study efficiency (Komarraju et al., 2013). Other students
classified as dropping out may continue studying abroad or just pause their studies for one or
more years. Future research should also investigate those student profiles to discover what
makes them different from actual dropout students. As stated by Allen et al. (2009), studies
should translate their findings into the net effects of identification and intervention of students
at risk. This implies the calculation of how many more students can be prevented from
dropping out based on the results and/or intervention and depends on the base rate of
persisting students. In contrast to incremental validity, net effects reveal more about the

practical value of research.



155 CHAPTER 4

Conclusion

The present study aims to identify at-risk students by prediction of drop out in the first
year on the basis of a (non-)cognitive assessment before enrolment. Overall, the results
indicate that mathematics, PE fit, attitude and time management are the most important
factors in dropout prediction besides SES and hours of mathematics instruction in SE. For
academic degrees, time management skills and mathematical ability appear to be of major
importance to persist. Professional bachelor students benefit more from good non-cognitive
abilities such as time management, PE fit and academic attitude. Besides mathematical ability,
linguistic proficiency seems to be a protective factor for professional bachelor’s dropout.
Noteworthy is that lower SES is especially a risk factor for dropout when attending an
academic degree, but not for professional degrees. It should be noted that while the overall
approach of study counseling may be similar, there are nuanced differences in emphasis
between these two types of programs. Further research could include other variables such as
personal circumstances and interactional variables that may play a role in the decision to drop
out. There is also a need to translate incremental validity into net effects that indicate how

many more students are persisting as a result of identification and effective interventions.
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Abstract
Choosing a suitable study program is a challenging process for prospective students. A good
person-environment fit (PE fit) between student and study program affects study achievement
and persistence, required to acquire the favored degree. Studies suggest that students who fail
their first year could benefit from reorientation to another program, as this may increase the
match between both the required competences and the interest profiles of student and
program. The present study investigates (1) how the fit between a student’s vocational
interests and the chosen study program influences reorientation, and (2) whether study
efficiency and interest fit improve after reorientation. We linked interest data of a large
sample of 7,788 last-year secondary school students with longitudinal academic achievement
in higher education after one year. Results indicate that interest fit was lower for students who
reoriented than for those who persisted. PE fit and study efficiency affect reorientation, but
their influence varies according to the degree and timing of the switch. Surprisingly, after
reorientation we also observed a lowered PE fit with the new study program than for the first
one, while study efficiency generally increased after reorientation. These findings suggest that
a low interest fit triggers reorientation which improves study efficiency, but not interest fit
itself. According to their poor fit, students reorient away from the initial program, but they do
not reorient towards a program that fits better. We argue that study orientation and counseling

tools can benefit from the insights of this study.
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Introduction

Students’ choice for a program in higher education (HE) is associated with their
vocational interests (Stoll et al., 2017; Schelthout et al., 2021). A good fit between students’
vocational interests and their educational environment is related to more persistence (Allen &
Robbins, 2008) and higher graduation rates (Allen & Robbins, 2010). Monitoring such
persistence and graduation indicators is incredibly valuable, as more than 10% of first-year
students drop out after one year in HE (OECD, 2021), and one-third reorients at least once in
the first three years (NCES, 2017).

In Flanders, only one-third of the full-time students who entered a bachelor’s
program, graduates in time (OECD, 2021; Schelfhout et al., 2022). This is remarkable given
the open access character, which allows anyone who has successfully completed secondary
education (SE) to start a study program' in HE. Research partially attributes these fail rates to
the combination of an open access policy (McGrath et al., 2014) with suboptimal student
choices (Jans & Broucker, 2012). Indeed, inspired by their parents and society’s aspirations
(Jans & Broucker, 2012) students often aim too high and choose a program that is not
compatible with their basic (non-)cognitive skills (Fonteyne et al., 2017) and interests
(Vulperhorst et al., 2020).

Given these progress rates (especially in open access systems), a validated study
orientation before enrolment in HE is crucial to support students in finding a study program
that suits their interests and competence (Fonteyne et al., 2017). Importantly, also (early)
reorientation could majorly contribute to faster progression rates. Continuing a program

inconsistent with ones interests and abilities, results in valuable lost time, undermined self-

! Except for (veterinary) medicine, dentistry and performing arts, these programs have admission tests.
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confidence and stress (Caplan, 1987). Changing study choice after initial failure, however,
reduces the risk of dropout and increases the chance to graduate (Ortiz & Dehon, 2013;
Cincinnato et al., 2020). Providing negative attainability feedback motivates students to
increase their effort and to consider more realistic options (Fonteyne et al., 2018). The
advantage of reorienting is moderated by the match between study level and student
competence; a better match is related to higher academic performance (Wong, 2002).
Cognitive ability is another important predictor of academic persistence (Kahn & Nauta,
2001). A large body of literature focuses on assessing influences of cognitive ability (Eccles
& Wigfield, 2002), interests (Schelfhout et al., 2021) and peer expectations (Meyer et al.,
2022; Paat, 2016) on failure and dropout in HE. Although some studies have investigated
reluctance to reorient after failure due to ability or effort attributions (Cincinnato et al., 2020),
it is unknown to what extent person-environment interest fit determines whether students will
reorient. In this study, we investigate if and how the Person-Environment (PE) fit between a
student’s vocational interests and the chosen study program contributes to reorientation during
and after the first year of HE. Furthermore, we examine how students reorient by exploring
the correspondence between the programs before and after reorientation. Finally, we examine
if study efficiency improves after reorientation. A better understanding of the reorientation
process may optimize study orientation and HE counselling tools.
Reorientation

The consequences of reorientation are twofold. First, there are negative repercussions,
as personal and institutional effort, investments and resources are lost (i.e., possible loss of
human capital investment, lengthening the study term, etc.) (Schelthout, 2019; Wolter et al.,
2014). A switch to a different program can be difficult for students (Creed et al., 2015), as

they experienced failure after investing in their goal (Fonteyne et al., 2017). Second,
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switching programs allows students a fresh start and the chance to revise an inadequate initial
study choice (Diem, 2016).

Study reorientation is recognized as a critical retention practice: changing programs
can effectively prevent students from dropping out (Cincinnato et al., 2020). Ortiz and Dehon
(2013) found that students who reorient after failure have a lower risk of dropping out (49%
obtains a degree, versus 38% for students who did not reorient) and a higher chance of timely
graduation. Changing towards a lower study level after failure, e.g. from an academic
(ISCED7 level) to a professional bachelor (ISCED®) is also beneficial for degree completion
(Cincinnato et al., 2020). An ISCED6 program is more hands on and mainly aimed at
practising a profession. ISCED7 programs provide more general knowledge and skills based
on scientific research. If students switch from ISCED7 to ISCED6, their competence-
expectancy beliefs will also change which can have an impact on the motivation to perform in
the new study program (Wigfield & Eccles, 2002).

German survey research by Meyer and colleagues (2022) shows that study success in
SE, PE interest fit and peer expectations have an impact on reorientation. The interest
mismatch mostly affects changing programs across broad program groups (e.g., from
mathematics to psychology), but did not affect switches within program groups or their
timing. Building these insights regarding the multifaceted nature of academic success, PE fit
and reorientation in higher education, the current study aims to delve deeper into this
relationship. Our study has access to vocational interest scores before enrolment and
performance data after year 1.

Higher Education Study Choice and Vocational Interests

Apart from their own interests, students consider factors such as future job

opportunities (Holmegaard et al., 2014a), own ability (Eccles & Wigfield, 2002), parental or

peer expectations (Paat, 2016) in program selection. Nonetheless, students’ interests are
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frequently highlighted as the most relevant component in this process (Nye et al., 2012;
Pinxten et al., 2015). Indeed, vocational interests can account for up to 70% of the variation in
students’ study choices (Nye et al., 2012; Rounds & Su, 2014; Schelfhout et al., 2019; Stoll et
al., 2017). Commitment to a study choice is neither a stable state (Germeijs & Verschueren,
2006), nor a constantly changing state (Holmegaard et al., 2015). Little research exists about
the process of reorientation and how these students differ from those who do not change after
enrolment. Students may regret their initial choice, find a program that is better aligned with
their interests, or discover that their position as a student of a program is less attractive than
previously imagined (Kucel & Vilata-Buf, 2012; Lykkegaard & Ulriksen, 2019; Vulperhorst
et al., 2021). Such decisions can be understood through Social Cognitive Career Theory
(SCCT).

Theoretical Framework of Social Cognitive Career Theory

The SCCT is a framework describing elements of career and educational interest
development, study choice, and study achievement (Brown & Lent, 2019; Lent et al., 1994;
Lent & Brown, 2013). This theory explains career development through three interrelated
processes: (1) how academic and job interests emerge; (2) how educational and career
decisions are made; (3) how success in these fields is achieved. The theory integrates several
concepts (e.g. interests, ability, self-efficacy, outcome expectations and contextual
circumstances) that have been confirmed to influence career development (Lent et al., 1994;
see Figure 1).

According to SCCT, people are more inclined to become interested in activities in
which they feel competent and may anticipate positive outcomes. People are more prone to
establish goals for maintaining or growing their involvement in activities as their interests
grows. Within a continuing feedback loop, increased activity participation leads to future

mastery or failure experiences, which help revise self-efficacy, outcome expectancies, and
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eventually interests. In contrast, interests are less likely to develop in activities where people
are unsure of their abilities and foresee unpleasant outcomes. Their academic success or
failure provides crucial input that can improve or weaken self-efficacy and outcome
expectancies, assisting in the revision or confirmation of their choices.

PE interest fit thus forms the bridge between how students expect to perform (self-
efficacy) in light of the study program they choose (outcome expectations). When
contemplating a program change, students assess their expectations in the current program
and evaluate the pros and cons of staying versus changing. Especially in an open access
system, interests are a powerful predictor of students’ decisions and corresponding actions, as
every student can enrol in almost every possible program. In more lenient closed access
systems interests also play a role, because it is easier to switch from one program to another.
Reorientation can be seen as changing one’s original study choice, which was made based on
insufficient knowledge (Altonji et al., 2012). In the last year of SE, students sometimes have
little knowledge of the performance standards and the content of study programs, so their self-
efficacy and outcome expectations are not well-founded. When entering HE however, their
expectations become more realistic and their interests are revised. If students encounter an
interest or competence mismatch, their self-efficacy and outcome expectations drop, which
can lead to a choice action such as reorientation.

Figure 1

Part of the Social Cognitive Career Theory

Self-Efficacy
Expectations
G p Performance
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Note. Adapted from the Social Cognitive Career Theory of Lent, Brown and Hackett (1994).
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The RIASEC Hexagon of Vocational Interests

Vocational interests represent a person’s preferences for certain behaviours,
environments and contexts in which activities take place, and the outcomes related to those
activities that motivate goal-oriented behaviours (Rounds & Su, 2014). The most prominent
theory on vocational interests was introduced by Holland (1997), who described interest
profiles of students and their environments through six dimensions, forming a hexagonal
structure referred as RIASEC (Realistic, Investigative, Artistic, Social, Enterprising and
Conventional).

A powerful feature of the RIASEC typology is its commensurate assessment of
interests of both persons and environments, which allows us to examine the fit between those
profiles. Parallels between individual interests and a chosen study program will result in
positive outcomes, such as greater performance and less turnover intentions (Holland, 1997).
Surveys for assessing RIASEC profiles typically include scores on the six dimensions (Nauta,
2010). For example, a student who scores high on the realistic dimension is hands-on, and a
study program that has a high R dimension is electromechanics.

Vocational interests are considered among the strongest predictors of study choice
(Stoll et al., 2017). For example, Schelfhout and colleagues (2021) showed that vocational
interests explains 87% of the variance in students’ choices for a STEM program over a non-
STEM one. Vocational interests and motivation both give direction to our actions and thus
both can function as a compass for educational choices (Rounds & Su, 2014). The Trait-State
interest Dynamics (TSID) framework (Su et al., 2019) illustrates that interests (a) affect the
direction of actions and goals towards certain areas, (b) stimulate goal-achieving efforts, and
(c) give a context that aids in maintaining persistence on a goal until it is realized (Nye et al.,
2012; Rounds & Su, 2014). Students are thus more likely to engage in sustained effort when

their interests are consistent with their study program (Schelfhout et al., 2021; Schelthout et
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al., 2019), resulting in earlier graduation (Allen & Robbins, 2010). It is plausible that interests
also play a role in switching goals and direction, as occurs in study reorientation. We expect
that students with a low PE interest fit with their chosen study program, are less motivated
and thus less committed, making them more prone to change their initial study choice.
Person-Environment Interest Fit

In an educational setting, PE interest fit determines the quality of the match between a
student’s vocational interests and those of the study program (Kristof-Brown et al., 2005; Nye
et al., 2012; Su et al., 2015). Schelfhout and colleagues (2019) discovered an average
resemblance of 49% (» = .70) between an individual student’s RIASEC profile and the
RIASEC profile of the chosen study program. In other words, a better match between
students” RIASEC profiles and their study programs increases the likelihood that the student
will finally choose the program. A better match is associated with a higher degree of
satisfaction and productivity (Holland, 1997) and increased study achievement (Schelthout et
al., 2022).
Present Study

The present study aims to explore the effect of PE interest fit on reorientation. We
expect that students changing their study program have a worse fit with their study program
compared to students who do not reorient.

Hi: Students with a lower PE interest fit have a higher chance of reorienting.
Furthermore, vocational interests have been shown to be a reliable predictor of
academic achievement and longer tenure (Fonteyne et al., 2017; Schelthout et al., 2019). We
hypothesize that PE interest fit should have predictive value towards a revised study choice.
As, cognitive ability is a strong predictor of academic achievement (Kriegbaum et al., 2018;

Roth et al., 2015) and plays a role in academic persistence (Kahn & Nauta, 2001), we will

control for cognitive ability by including mathematics, reasoning scores and study efficiency.
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Ha: Interest fit predicts reorientation during and after the first year of HE, even when
controlling for cognitive ability.

Meyer and colleagues (2022) show that PE interest fit has an impact on reorientation,
depending on the degree of the change. The interest mismatch mostly affects reorientation
across broad program groups (i.e., from mathematics to psychology), but it was irrelevant to
switches within subject groups (i.e. from psychology to educational sciences). We
hypothesize that students with a lower interest fit, will reorient to a program that corresponds
less to their initially chosen study program.

H3: The lower the PE interest fit, the less correspondence between the initially chosen
study program and the new program after reorientation.

Finally, we explore the change in interest fit and study efficiency. The SCCT states
that performance (success or failure) provides useful feedback that can strengthen or diminish
self-efficacy and outcome expectancies, eventually assisting in the revision or confirmation of
their study choice (action goal). When the features of the initially and newly chosen programs
are analyzed, it appears that students reorient in order to attain a better PE interest fit
(Astorne-Figari & Speer, 2019; Meyer et al., 2022). We thus expect that both interest fit and
study efficiency are positively affected by reorienting:

Hy: Interest fit and study efficiency improve after reorientation from year 1 to year 2.

Method
Data and Procedure
We analyzed data of the Columbus project, a long-term study orientation initiative for
prospective students in Flemish HE (Demulder et al., 2020). Participants complete the large
scale online self-assessment and feedback instrument in the last year of SE, and are provided

with individualised feedback to assist their study choice. Columbus consists of research-
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based questionnaires and tests that query the study choice process, study skills, cognitive
abilities and interests.

In addition, Columbus contains HE study progress data of all students who completed
the Columbus questionnaires®>. We used data® from cohorts 2016-2017 and 2017-2018 (N, =
7,788; 58% female). 836 students in this dataset reoriented during their first year, another
3058 between year 1 and year 2. To compare reorienters and non-reorienters, we randomly
selected an equally large sample of students who did not reorient as control group. Group
differences are then used to infer reorientation effects.

A different dataset (N, = 15,548; 66% female) was used to assemble the environment
profile of the study programs. The data were obtained between 2016 and 2020, and are part of
a combined institutional longitudinal database that contains profiles of study programs using
the incumbent method*, based on mean interest scores of successful and persistent students’.
We applied the same technique for creating program profiles as Schelfthout and colleagues
(2019), where students’ interest scores were averaged for each dimension leading to a
RIASEC profile for each study program.

Measures
Vocational Interests
To obtain scores on the six RIASEC dimensions, students filled in a validated interest

questionnaire (Fonteyne et al., 2017). Students have to indicate on a yes-or-no scale whether

2 This data is made available by the Ministry of Education and Training of the Flemish government.

* In the present dataset, it is worth noting that students choosing the same study program have identical curricula,
therefore it is possible to compare their study decisions. Once they have chosen a study program, they will not be
able to switch curriculum parts (like in British or American institutions). We can conclude that the educational
setting of the current study enables for the exploration of vocational interests without interference caused by high
stakes testing, GPA demands and financial feasibility.

4 This strategy is based on the idea that a certain environment is determined by the people who are in it
(Schneider, 1987). In other words, a study program in HE context is represented by its students.
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they would enjoy 101 activities (e.g. starting up an enterprise) and 72 occupations (e.g.
lawyer). The RIASEC dimensions scales have a Cronbach’s a of .91, .90, .91, .92, .93 and
.90, respectively. For the environment (i.e., the study program), a RIASEC profile was
constructed based on the program’s average student profiles as incumbents (Allen & Robbins,
2010). RANDALL software was used to perform a randomization test of hypothesized order
relations (RTOR), which confirmed the circular RIASEC order and structure (Tracey &
Rounds, 1996). A circular fit of the data reached significance, with p =.03 and a
correspondence index of .78.
Correlation Fit

The PE fit between the RIASEC profile of the student and that of the chosen study
program can be calculated as the correlation between the two vectors of 6 numbers that
represent RIASEC scores for students and programs (Allen & Robbins, 2010; Schelfhout et
al., 2019). Higher correlations reflect more similarity between the interest profile of the
student and the study program. This method has the benefit of using the full RIASEC profile
while also providing a continuous measure for subsequent analyses.
Euclidean Distance

Euclidean distance (ED) is the metric we applied to assess the alignment between
students’ initially chosen study program and the program to which they reorient (Tracey &
Robbins, 2006; Tracey et al., 2012). The distance between two programs is calculated using
two dimensions, as RIASEC dimensions are a circular entity situated in a two-dimensional
space. According to Prediger (1982), we use the People/Things and Data/Ideas dimensions.
The People (P)/Things (T) dimension is calculated using (2R + I — A - 2S — E + C) and the
Data (D)/Ideas (I) dimension is calculated using (1.73E + 1.73C — 1.731 — 1.73A). ED is then

calculated per student who reoriented using the square root of the sum of squared deviations.
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Lower scores represent a smaller distance or more congruence between the interest profile of
a student’s initial program and the profile of the new program.
Cognitive Ability

To measure cognitive ability, we used two tests. First, a basic mathematics test
included 25 questions on mathematics, both in MC-format and open questions (Cronbach’s a
= .88; Fonteyne et al., 2014). One example question is “If a runner runs 1 kilometer in 5
minutes on average, how many kilometers has he run after 2 hours?”. Second, we used a
Raven-style non-verbal reasoning test, Rules® consisting of 28 items in MC-format about
deductive and inductive reasoning (Cronbach’s a =.78).
Study Efficiency

Academic achievement is expressed as study efficiency, which is a continuous variable
between 0 (failed all enrolled courses) and 1 (passed all enrolled courses). We calculated the
proportion of enrolled ECTS credits® for which the student obtained at least 10 out of 20 after
the second exam period (as we only have access to study efficiency rates after the complete
first year in HE, not after the first semester).
Reorientation

We operationalized reorientation in two different ways. First, we investigate
reorientation during the first year of HE (early reorientation), which implies that students
changed programs soon after enrolment or after one semester. Due to the nature of the dataset,

we are not sure when these students made the transition exactly (before or after the first

5 A pilot study was conducted to test the correlation between the new fluid intelligence measure and RAVEN. A
positive Spearman correlation of .62 was found (p = .000, n = 76). Rules correlates with other measures of
cognition.

¢ Belgium uses the European Credit Transfer and Accumulation System (ECTS) to express the workload of study
programs. A standard academic year of full-time study is 60 ECTS.
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exams period). Second, we examine reorientation between year 1 and year 2 (late
reorientation), i.e. transition to another program after one year.

In this study we applied a randomly matched-comparison group design: students who
reoriented were compared with the same number of students who did not reorient in or after
their first year of HE. The baseline characteristics of the comparison group of non-reorienters
are matched to those of the reorienters at the beginning of HE.

Analyses

Students who reorient (both early and late) are compared to students who do not
reorient. To test Hy, we used an independent samples t-test’ to analyse between-group
differences in the mean interest. For Ha, we constructed a logistic regression model with
reorientation as binary dependent variable (reorientation (1) or non-reorientation (0)), PE
interest fit as predictor and mathematics, reasoning and study efficiency as control variables.
The explained overall variance was measured through Nagelkerke’s (pseudo) R°. Individual
R’ refers to how much variance a predictor explained in the absence of other predictors in the
model. Unique R? entails how much explained variance is lost when the predictor is removed
from the model. H3 is investigated through linear regression with ED between program 1 and
program 2 as the dependent variable and PE fit between the student and the initially chosen
study program as the independent variable. For Hs, we conducted a paired samples t-test to

compare PE fit and study efficiency of students who reoriented before and after reorientation.

7 Effect sizes are calculated using a Cohen’s d with 0.01 = very small effect, 0.20 = small effect, 0.50 = medium
effect, 0.80 = large effect, 1.20 = very large effect and 2.00 = huge effect (Sawilowsky, 2009).
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Results
Descriptives
Table 1 gives an overview of the descriptive statistics of the variables used in this
study.
Table 1

Descriptives Variables

Variable Reorient Non-Reorient Reorient after Y1  Non-Reorient
during Y1 (M; SD) (M; SD) (M; SD)
(M; SD)
Correlation Fit 0.60; 0.35 0.69; 0.31 0.62; 0.35 0.67; 0.32
Mathematics 19.63; 6.95 20.86; 7.01 20.75; 7.10 20.73; 7.22
Reasoning 19.44; 5.04 20.47; 4.82 20.10; 4.89 20.19; 4.75
Study Efficiency - - 0.36; 0.30 0.82; 0.24

Note. M = mean score, SD = standard deviation.

Hypothesis Testing

H;. We found a significant difference (z (1632) =5.041, p <.001, Cohen’s d = 0.25),
between the interest fit of students who reoriented during the first year (M = 0.60; SD = 0.35)
and students who did not reorient (M = 0.69; SD = 0.31). The difference in mean interest fit
for students who reoriented after the first year (M = 0.62, SD = 0.35) and students who did not
(M =0.67, SD = 0.32) was also significant (¢ (6047) = 6.030, p <.001, Cohen’s d = 0.15).
Students who did not change programs indeed show a better interest fit with their study

program compared to students who reoriented (see Figure 2).
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Figure 2

Mean Interest Fit for Students who (did not) Reorient During or After the First Year
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H,. For reorientation during year 1, the model containing all predictors (interest fit
and cognitive abilities) was statistically significant, y2 (3) = 41.64, p <.001. The combination
of PE fit ( =-0.776; p <.001) and cognitive ability, measured by scores on mathematics (f =
-0.019; p <.05) and on reasoning test (f =-0.033; p <.01), could explain about 4% of the
variance in reorientation during the first year, with PE fit providing 2% of unique explained
population variance above and beyond cognitive skills®.

For reorientation after year 1, the model containing all predictors including study
efficiency (PE fit, mathematics, reasoning, study efficiency) was statistically significant, y2
(4) =2751.24, p < .001. PE fit (B = 0.027; p > .1), mathematics (B = 0.027; p <.001),
reasoning (B = 0.025; p <.01) and study efficiency (f = -5.307; p <.001) could explain about

53% of the variance in late reorientation. Study efficiency could provide 52% of unique

8 We do not have access to study efficiency rates of the initial program when reorienting during year 1, so we
control for cognitive abilities. When we do the analysis with a proxy of study efficiency after year 1, we found a
Nagelkerke R squared of .05 with both PE fit ( =-0.731; p <.01) and study efficiency (B =-0.849; p <.01) as
significant predictors of early reorientation. In other words, PE fit seems to hold out against study efficiency.
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explained variance.

We ran this analysis for late reorientation from ISCED7 to another program on the
same study level, and students reorienting from ISCED7 to ISCED®6. PE fit (B =-0.42; p <
.05) and study efficiency ( = -3.80; p <.001) could explain about 35% of the variance in late
reorientation from ISCED7 to ISCED?7. For students who reoriented to a lower study level,
PE fit (B = 0.39; p < .1) and study efficiency (B = -7.63; p <.001) could explain about 73% of
the variance in late reorientation from ISCED7 to ISCED6.

H;. For early reorientation, the simple linear regression with dependent variable ED
was significant (F(1, 831) = 123.52, p <.001, R? = .13, r = -.36). PE fit with the first study
program predicted the ED, B =-53.11, #(831) = 33.73, p <.001, showing that a worse fit with
the first study program is associated with a less corresponding second study choice.

For late reorientation, the overall regression was statistically significant (F(1, 3056) =
193.30, p <.001, R? = .06, r = -.24). PE fit significantly predicted ED between the first
program and the program to which students reorient (f = -32.64, #3056) = -13.90, p <.001);
again, worse PE fit led to more wide reorientation.

H,. The difference in study efficiency before (M = 0.36; SD = 0.30) and after (M =
0.70; SD = 0.34) late reorientation improved significantly (#(2988) = -50.39, p <.001,
Cohen’s d = 1.06; see Figure 3). For PE fit, we also found a significant difference before (M =
0.63; SD = 0.35) and after (M = 0.54; SD = 0.40) reorientation; #(2970) = 11.11, p <.001,
Cohen’s d = 0.23. Surprisingly, interest fit dropped after late reorientation (see Figure 3).

In an additional exploratory analysis we investigated study efficiency after
reorientation based on ISCED level, as various movements are possible (see Figure 4). 34%
reorients from ISCED7 to ISCED6, which is associated with an increase in study efficiency

(58% on average), 30.8% reorients within ISCED7, 30.5% within ISCEDG6 (increase in study
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efficiency of 24% and 22% on average, respectively). 4.6% reorients from ISCED6 to

ISCED7, which results in an average decrease of 5% in study efficiency.

Figure 3

Study Efficiency Improves After Reorientation from Year I to Year 2 and Interest Fit Drops
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Figure 4
Sankey Diagram of the Direction of Reorientation of Students who Switch from Year I to Year
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Discussion

Dropout rates in European HE are high and progress rates to finish a degree on time
are low (McGrath, 2014). A contributing factor is reorientation: a third of the students who
enrol in HE switch programs at least once in the first three years (NCES, 2017) and do not
finish a degree in their initial program (OECD, 2019). Previous research focused mainly on
the combination with student dropout, either in a closed access system or a specific group of
programs or students. The current study aimed to investigate the relationship between PE fit
and reorientation. First, we explored to what extent PE fit differed between students who
reorient and students who do not reorient. Second, we investigated how PE fit contributes to
the prediction of reorientation. Moreover, we focused on the role of PE fit on the degree of
correspondence of programs before and after reorientation. Finally, we explored whether
study efficiency and PE fit improve after late reorientation.

PE Fit and Reorientation

The present study corroborates previous findings by demonstrating PE fit is worse for
students who reorient (Le et al., 2014, Meyer et al., 2022). We found small effects both for
early reorientation (Cohen’s d = 0.25) and late reorientation (Cohen’s d = 0.15). Students that
fit their study choice well have a higher chance of staying in their initial program, which is in
line with literature showing that a good PE fit predicts study achievement and persistence in
HE (Rounds & Su, 2014; Schelfhout et al., 2019).

Meyer and colleagues (2022) show that academic success, PE fit and peer expectations
have an impact on changing programs, but that the impact differs depending on the degree
and timing of the change. The interest mismatch mostly affects changing programs across
broad program groups and the timing of the switch did not matter. This is in contrast to our
results, which show a slightly larger effect for early versus late reorientation. These findings

underline that results can be sensitive to the admission context. Meyer and colleagues (2022)
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investigated reorientation in a restricted HE system (Germany), our study took place in an
open access and low-cost educational system (Flanders). Here, students can freely choose any
study program, so the natural mechanism of interests can take its course. The
operationalization of the PE fit also differed: we used a more fine-grained continuous measure
(i.e., correlational fit), that incorporates the whole interest profile from both students and
programs, whereas Meyer et al. (2022) used a categorical measure based on the occupational
interest which is most relevant in the study program.

Concerning our second research question, we show that lower PE fit leads to a higher
chance of early reorientation, but with a small effect size in the prediction of reorientation.
When controlling for cognitive ability, PE fit explained 2% of unique variance. For late
reorientation, PE fit could only explain about 1% of variance; here, study efficiency is a major
contributor with 52% of unique explained variance. This confirms that academic achievement
remains the prime trigger for reorientation. However, when students reorient within university
programs (same study level), we found that PE fit does play a significant role and holds out
against study efficiency. While PE fit plays an important role in initial study choice and
persistence (Allen & Robbins, 2008; Nye et al., 2018; Stoll et al., 2017), reorientation might
be driven by a different interest approach. According to the SCCT (Brown & Lent, 2013; Lent
et al., 1994; Lent & Brown, 2019), students’ learning experiences (good or bad grades) and
performance feedback affects interests. Students are more likely to develop a long-term
interest in an activity or study program if they believe they are capable of completing it and
expect valuable consequences. In contrast, interests are less likely to develop in activities
where people are unsure of their abilities and foresee unpleasant outcomes. If students’
interests or competence level do not match with their initially chosen program, they might

reconsider their choices, eventually change programs, and even their own vocational interests.
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Before and After Reorientation

The degree of correspondence of the programs before and after reorientation (as
measured by ED) is lower when students have a lower PE fit with their initially chosen study
program. PE fit could explain 13% (» = -.36) of the ED between the study programs for early
reorientation and 6% (r = -.24) for late reorientation. Although the effect of PE fit is rather
small in predicting whether students will actually reorient, it does seem to play a crucial role
in the direction of reorientation. The question arises whether the switch happens due to a
competence mismatch, an interest mismatch or simply out of aversion to the initial study
program that a student reorients as far away as possible from the first chosen field of study.

Interestingly, study efficiency improves (Cohen’s d = 1.06), but PE fit drops (Cohen’s
d = 0.23) after late reorientation. Regarding the increased study efficiency, we noticed that
94% of the students who reoriented did not fully succeed (100% study efficiency) in their
initial program, which left a margin for growth. Furthermore, 34% of the students made the
switch from an ISCED7 to ISCEDG6, which may be more in line with their study competence
and may influence the students’ motivation (Wigfield & Eccles, 2002). Indeed, ISCED levels
6 and 7 are intrinsically different in terms of study level, purpose and length, which results in
an average study efficiency increase by 58% for this group.

A surprising result is the PE fit drop after reorientation. This is not in line with
research that states that fit gets better over time in an educational setting (Hanna et al., 2021),
and also not in line with the expectation that students would choose a better fitting program
after having chosen wrongly already once. One of the major challenges facing young adults is
to find a suitable vocational environment and people seek out better fitting environments over
time (Wille et al., 2014). Students who reorient might have chosen well on the interest level,
but have to facilitate due to bad grades (e.g., from ISCED 7 (psychology) to 6 (applied

psychology)). They actually choose the same study domain, but at a different cognitive level
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which could explain the drop in PE fit: the interest profiles differ slightly because of a
different approach in different ISCED levels.

Furthermore, we assumed PE fit to be a quite stable construct, measured in the last
year of SE before enrolment in HE. However, Hanna and colleagues (2021) indicate that
shifts in interests could occur before changes in occupational contexts, underscoring the
significance of investigating interest fit across time to enhance predictions about study
choices and turnover. Nye and colleagues (2021) found that interest shifts were linked to
associated changes in workplace, demonstrating that experiences in these contexts can predict
their future career choices. The role of interests in a work environment can be comparable in
an educational setting. Stoll and colleagues (2021) found that weaker stabilities and greater
shifts in vocational interests are connected with life phases of normative social transition, like
the switch from SE to HE. These modifications in the environment are essential for the
development of interest, and might explain the decrease in PE fit we observed in the current
study. Indeed, Holmegaard and colleagues (2014b) describe the gap between the expectations
before entering HE and the effective experiences in the first year (i.e., the content or the study
level of the courses). The initial study choice of students may be affected by the interaction of
expectations and experiences. Hence, interests can shift because students are more informed
after enrolment. There is surprisingly little research on changes in fit over time (but see Hanna
et al., 2021; Nye et al., 2021).

According to SCCT, choice goals and actions result from whether or not interests
change. In other words, if we can assume that interests stay quite stable, we can categorize our
finding as a drop in interest fit from year 1 to year 2. If we suppose that interests may change
in response to normative social transitions, self-efficacy and outcome expectations, the results

have to be interpreted with caution. This calls for more future research on this topic to
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investigate if students’ interests effectively change during or after their first year in HE and
subsequent choice actions like reorientation.
Limitations and Future Research

Our research was set up in an open access study environment with rigid curricula: our
subjects' only requirement for enrolment in academic study programs is a secondary school
degree. However, these findings are also relevant in systems with less rigid curriculum
structures and where there is more leniency to switch from one program to another (NCES,
2017).

It may be preferable to measure PE interest fit consistently across multiple timepoints
in future applied research (Su et al., 2015). Longitudinal research can possibly offer improved
predictive validity for educational outcomes, such as performance and turnover, by
conceptualizing fit processes in ways that more closely resemble reality (Kristof-Brown et al.,
2005; Nye et al., 2012, 2017).

The current dataset is unique, given that it is a very large sample, that allows to assess
longitudinal relations between initial assessments and later academic achievement, across a
(nation-)wide range of domains, programs and institutions. A limitation is that we did not
have access to study efficiency rates after the first semester, because institutions are only
required to enter qualification results after the academic year. Early reorientation thus could
not be controlled for study results. For early reorientation, the influence of study efficiency
and vocational interests possibly play a different role, because there seems to be an urgency to
reorient.

Finally, reorientation could also be related to other important factors, such as

prospective wage and prestige, which we did not take into account.



REORIENTATION 190

Practical Implications

The current study shows that interest fit has an effect on the likelihood of
reorientation, and therefore it is important to assess this variable well among students before
their first study choice in order to make the best possible match. Indeed, when students
experience a poor PE interest fit, they reorient further away from the initially chosen program.
Furthermore, our results indicate that PE fit is worse after reorientation, which could indicate
that students reorient in aversion of the initial program, or a shift in interest took place. It is
therefore crucial to pay attention to vocational interests throughout the study choice journey,
also when reorienting. So, study orientation in the broader sense is an important tool for
reorientation, not only for the initial study choice. Through new experiences, students have
new insights into the field of study, expectations, challenges... and especially the match in
terms of competence in HE (as study efficiency explains 52% of the variance in
reorientation).

Conclusion

We demonstrated that PE interest fit was significantly lower for students who
reoriented than for students who did not reorient. Furthermore, we showed that the lower the
initial interest fit, the lower the correspondence was between the study programs before and
after reorientation. Moreover, the present study illustrated that after late reorientation, study
efficiency increased and interest fit with the new study program dropped; the latter calls for
further exploration of interest change during the academic first year.

While study efficiency is largely responsible for reorientation, how students reorient is
best understood by vocational interests. They steer away from the initially chosen program,
but not necessarily towards a better fitting program. In other words, they have learned what

they no longer want, but not what they do want. In practice, study orientation and counseling
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tools can respond to the need to draw more attention to the interests of students while making

a second study choice.
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Abstract
Labor and skill shortages are widespread across countries and industries. Possible causes are manifold,
going from working conditions to candidates who do not meet the required level of education or
experience. Observed shortages translate into jobs that are difficult to fill, causing a slowdown in
economic growth. Therefore, the ability to understand and predict shortages in advance is critical for
policy-makers and educators. This article innovates by shedding light on the explanatory power of
vocational interests in this respect. Stated otherwise, while individual interest profiles are an important
research concept in individual career decision-making, much less is known about the role of interests
at the occupational level of analysis. We compile a unique dataset of rich vocational data allowing us
to predict shortages in 282,416 vacancies in Flanders (Belgium) spread out over 309 jobs. Results
show that interest profiles related to these occupations uniquely explain 26% of the variance of
shortage occupations, where realistic, artistic, and conventional interests were most critical in
predicting shortage. We find that highly consistent as well as highly differentiated profiles predict
more shortage. We also find a significant contribution of interest profile on the magnitude of the labor
market shortage with an explained variance between 13% and 21%, where the investigative and social
dimension of the occupation profile are dominant. These findings have worldwide practical
implications for government, education agencies and services of employment and vocational training

in reducing the shortage.
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Introduction

Supply and demand on the labor market are dynamically changing, due to the short-
and long-term societal phenomena such as the impact of COVID-19, the green agenda,
digitalization, economic trends and the ageing of the population (OECD, 2019; McGrath,
2021). These changes are crucial as they significantly affect economic stability and growth
worldwide. Recently, many companies report difficulties with filling their vacancies (Laureys,
2023) which is not only causing a slowdown in economic growth but also putting additional
pressure on social security systems. Addressing these labor shortages is therefore essential for
sustaining economic health and ensuring the robustness of social welfare programs. In labor
market shortage, there is a long-term imbalance between the labor demand (the number of
vacancies) and the labor offered (the number of job seekers) (Barnow et al., 2013; Hoff et al.,
2024). Several underlying mechanisms can cause this shortage. For example, a skills shortage
occurs when there is a lack of people with the necessary skills among the available job
seekers. On the other hand, a labor shortage occurs when there are enough qualified workers
available, while open positions remain unfilled in the desired occupations and locations.
Indeed, the magnitude of the current imbalance between labor demand and labor supply in
Europe is quite striking (McGrath, 2021). As such, a labor surplus or shortage occupation
accounts for nearly one in three jobs in 2020 (McGrath, 2021). The most often mentioned
labor shortages include occupations regarding software, healthcare, construction and
engineering crafts.

However, identifying labor market crunches is one thing, addressing them is another.
That requires a better understanding in why some occupations are structurally hard to fill and
others are not. In that respect, peer-reviewed research has so far focused heavily on hard
economic determinants. That is, the credentials with which job candidates present themselves,

such as education level and experience, and the attractiveness of jobs in terms of pay
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compared to the outside option of unemployment or inactivity (Dawson et al., 2020; De
Palma & Thommen, 2020). Accordingly, actions have already been taken by governments and
companies to meet the labor shortage, such as higher wages, less stringent requirements,
relocating production, outsourcing work and choosing non-first-choice groups of employees
(Henkens et al., 2008; Kiss et al., 2022; Walwei, 2016). To date, literature has ignored another
dimension in which heterogeneity in labor market tightness can be explained, i.e. genuine
vocational interests beyond the mentioned economic characteristics. This void is quite
surprising, as from the perspective of job seekers, vocational interests are the strongest
predictors for job choice, performance, persistence and satisfaction (Hoff et al., 2020; Van
Iddekinge et al., 2011). So, in this literature dominated by (macro-)economic models, an
individual organisational psychology perspective is compelling.

The current study aims to bridge that gap by applying a theoretical model of
vocational interests from psychology to macro-economic measures of shortages. First, we
investigate to what extent occupation-level vocational interest profiles account for the
occurrence of shortage occupations. Second, we examine whether vocational interests explain
variance in the magnitude of the shortage. We zoom in on the interest profiles of shortage
occupations in particular with the focus on education level requirement, differentiation and
consistency. Last, we investigate the (mis)match between interest demand on the labor market
and interest supply of prospective workforce.

Shortage Occupations

Shortage occupations are occupations that are not easy to fill out, often caused by a
mismatch between demand and supply on the labor market. Organisations continue to face
staff shortages which are reflected by the increasing number of shortage occupations in
Europe. Causes of shortage are diverse: (1) there is the shortage of available potential

workers, fuelled by an increased demand for personnel, (2) a retirement wave and (3) a large
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outflow of personnel to other sectors and jobs (Reymen et al., 2015). This outflow may be due
to the workability of the job in question, such as a high workload, difficult working hours or
physically demanding tasks. Candidates who do not meet the requirements of the job, for
example in terms of education and experience, can also contribute to the shortage.

We can categorize three types of shortages (Moens et al., 2022). First, there are
shortage occupations with unfavourable working conditions. These shortages often occur in
occupations with a lot of heavy physical or emotional strain: unfeasible work hours, fewer
career opportunities and/or lower wages. Moreover, a mismatch between the expectations of
employers and employees often causes negative consequences that start a vicious circle
(VDAB, 2022). For example, research by Mosadeghrad (2014) shows that unfavourable
working conditions are directly related to work-related stress. This stress is associated with an
increased risk of physical and mental complaints and an increase in negative personal
behaviour, which in turn leads to negative work performance. Work-related stress is also
positively associated with employees' intention to leave the organisation. The likelihood of
turnover in these occupations is high, which leads to shortages in these occupations.
Furthermore, the degree of (emotional) overload at work is related to burnout, which makes it
difficult to fill vacancies in the long term (Schaufeli & Bakker, 2004). Examples of these
bottleneck occupations are construction workers, service occupations, hospitality workers,
craft occupations, transport occupations, healthcare professions, et cetera.

Secondly, there are qualitative shortages, mostly in occupations with a skill shortage
of employees. These occupations usually attract enough candidates to present themselves for
filling out a vacancy, but often lack the necessary competences or experiences. The large
number of school dropouts and the remaining labor reserve do not appear to be adequately
qualified. This mechanism can be (at least partly) attributed to the rapidly changing labor

market, as education cannot keep up with these rapid changes (Lamberts, 2011). Despite
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employers indicating they are finding more qualified workers (Cabus & Somers, 2018),
research should also keep focusing on eliminating the mismatch between the education
system and the labor market. Workers who experience a mismatch have lower job satisfaction
which, as mentioned earlier, affects turnover rates (Sloane & Mavromaras, 2020). In addition,
lower-skilled workers tend to earn less than their more qualified colleagues. Moreover, it
yields a scar so that also later qualitative employment is less likely (Baert et al., 2013; Baert &
Verhaest, 2019). This discrepancy creates a sense of unfairness between employees doing the
same job and negatively affects the overall perception of a company (Somers et al., 2019). Di
Pietro and Urwin (2006) suggest that some employers classify jobs as degree-requiring jobs,
whereas previously they were filled by non-graduates. However, there is only a moderate
adjustment in pay for these occupations. This lack of adequate adjustment makes both over-
and underqualified workers less likely to go for the job, as job attractiveness is positively
related to pay, perceptions of aptitude and equity (Chapman et al., 2005). This category
includes a large proportion of shortage occupations, such as administrative occupations,
industrial occupations, knowledge occupations, hospitality and sales staff.

Finally, occupations with a quantitative shortage of employees account for over 60%
of the shortage occupations. There is too little outflow from education for these professions,
partly because too few students choose the proper formal study or training that prepares them
for these professions or because the formal study or training does not exist in the first place.
One of the main factors leading to a mismatch between labor market supply and demand is
the low interest of people to perform low-skilled, low-valued or low-paid work. Therefore,
there has been upward occupational mobility in Western Europe since 1950 since low-skilled
migrant workers performed these jobs. In contrast, a possible explanation for the shortages in
higher-skilled jobs is that both students and jobseekers lack information about the existence of

certain professions or the corresponding training or study (Boswell et al., 2004). The
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occupations included here are various construction occupations, knowledge occupations,
industrial occupations and trades, medical occupations, etc. Examples of these occupations
are accountants, installers, technicians, butchers, pharmacists and nurses. The present study
will focus on all types of shortage occupations. In Table 1, we have an overview of the top 10
shortage occupations in Flanders, Belgium, complied by the main governmental agency for
labor market services (VDAB, 2024). The compilation of the top 10 shortage occupations
mirrors patterns observed in industrialized, prosperous Western nations or, more broadly,
within the European Union.

Table 1

Top 10 shortage occupations in 2024

Occupation Cause

1. Electrical and Electronics Repairers, Quantitative and qualitative shortage

Commercial and Industrial Equipment

2. Nurse Practitioners Quantitative shortage; unfavourable

working conditions

3. Cleaner Qualitative shortage; unfavourable working
conditions

4. Construction Managers Quantitative and qualitative shortage

5. Technician industrial automation Quantitative and qualitative shortage

6. Maintenance and Repair Workers, Quantitative and qualitative shortage
General

7. Fruit farming employee Unfavourable working conditions

8. Bookkeeper - accountant Quantitative and qualitative shortage

9. Road worker Qualitative shortage and unfavourable

working conditions

10. Cost Estimators Quantitative and qualitative shortage

Note. Retrieved from Shortage occupations in Flanders 2024, by VDAB, 2024, p. 40.
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Researchers identified some contributing factors of shortage occupations. For
example, Zimmer (2012) described the link between the prevalence of shortage occupations
and training on the one hand and geographical mobility on the other. According to Zimmer
(2012), about 80% of jobs in Belgium (2010) required medium- to high-skilled workers, while
80% of the labor reserve at that time was low- to medium-skilled. Thus, there was a clear
mismatch between labor market supply and demand. If these differences were due to a
problem in the transition from education to the working environment however, is not that
clear cut. Geographical mobility also plays a role according to Zimmer (2012). Most
vacancies are released in the major cities, while a large proportion of job seekers live in less
populated areas. In sum, these findings offer added value in the debate around shortage
occupation, but do not explain the prevalence as a whole.

Addressing this need for explanation, research of Hoff and colleagues (2021, 2024)
zooms in on the gap between labor market demands and supplies on the occupational interest
level within the vocational interest model of Holland (1997), explained below. In 2019, the
distribution of U.S. employees across occupational interests was notable, with 32% engaged
in realistic jobs, 6% in investigative roles, 2% in artistic pursuits, 19% in social occupations,
24% in enterprising endeavors, and 18% in conventional positions (Hoff et al., 2024).
Intriguingly, the career aspirations of nearly 50% of adolescents were centered around
investigative or artistic paths, which collectively constitute only 8% of the U.S. labor market
(DeCeanne et al., 2017). Conversely, despite conventional jobs representing more than one-
fifth of all job opportunities in the U.S., less than 1% of participants expressed a desire for a
conventional interest career. The importance lies in the disparity between the requirements of
the labor market and the existing pool of talent, particularly when examining individuals'
preferences and inclinations. This incongruity suggests a noteworthy mismatch between the

skills and interests sought by employers and those provided by the workforce. These stark
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differences highlight significant disparities that warrant attention, suggesting potential areas
for targeted career interventions.

To tackle the shortage problem, the government offers free shortage training courses to
encourage people to acquire knowledge so that the threshold to apply for these occupations is
lowered. However, these measures are not effective enough to change the shortages (De Rick
et al., 2014). Policymakers also see advancing the retirement age as a possible, albeit
controversial solution in order for the qualitative scarcity of experienced workers to be
contained. Some shortage occupations never seem to disappear from the long list. For
instance, the profession 'tractor-trailer driver' has been in the top 10 for years, which shows
that the measures taken are not always sufficiently effective and some jobs are intrinsically
less fillable. Therefore, it might be valuable to focus on vocational interests and how these
psychological variable can explain shortage occupations.

The RIASEC Hexagon of Vocational Interests

Vocational interests are reflective of an individual's inclinations towards specific
behaviours, environments, and contextual settings in which activities occur, along with the
associated outcomes that drive goal-directed actions (Rounds & Su, 2014). One prominent
theory in the realm of vocational interests is Holland's (1997) model, which outlines the
interest profiles of individuals and their corresponding environments across six distinct
dimensions. These dimensions collectively compose a hexagonal structure referred to as
RIASEC, derived from the following categories: Realistic, Investigative, Artistic, Social,
Enterprising, and Conventional. The dimensions form a circular structure or circumplex
(Tracey & Rounds, 1995), which allows vocational interest to be seen as a whole construct
rather than as separate dimensions (Tracey & Rounds, 1995) as well as interpretations about
relationships between mutual types. The circumplex structure can also exist within a two-

dimensional space, as expounded by Prediger (1982), where preferences are categorized into
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four domains, namely People/Things and Data/Ideas. The realistic dimension corresponds to
"Things' and the social dimension to 'People’. The entrepreneurial and conventional
dimensions lie alongside each other on the circle are related to 'Data’. The artistic and
investigative dimension, on the other hand, lie on the side of 'Ideas'. Both this circular
structure and the two axes make it possible to measure and interpret the construct 'Vocational
Interest'. Consequently, embracing the entirety of the RIASEC framework in regression
analyses is not merely a theoretical inclination but a methodological imperative, ensuring a
comprehensive understanding of the intricate relationships within vocational interest domains.
By including the axes in the structure, differences in interest profiles can be measured (Tracey
& Robbins, 2006).

The RIASEC typology offers a commensurate assessment of interests for both
individuals and environments, facilitating the examination of the congruence between these
profiles. According to Holland's (1997) theory, alignment between an individual's interests
and their chosen academic or vocational path tends to yield favourable outcomes, such as
heightened performance (Schelfhout et al., 2022) and reduced turnover intentions (Van
Iddekinge et al., 2011). This phenomenon is exemplified by the Trait-State Interest Dynamics
(TSID) framework introduced by Su et al. (2019), which illustrates the influence of interests
on behaviour and outcomes through motivation. Interests serve to (a) steer actions and
objectives towards specific domains, (b) invigorate efforts towards achieving these goals, and
(c) provide a context conducive to sustaining persistence until goals are realized (Nye et al.,
2012; Rounds & Su, 2014). Consequently, interests play an essential role in motivating
decisions such as career choices, as individuals are more inclined to invest prolonged effort in
activities and tasks aligned with their interests (Milyavskaya et al., 2021).

However, a person's entire interest profile is not so unambiguous or categorical, but is

rather a value on a spectrum by interest type. Two different individuals can, for example, be
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classified as artistic types, while one person shows little discrepancy on artistic and social
levels and the other person is distinctly artistic. A distinction is thus made between the pattern
of a person's interest profile and the strengths of these interests. Taking into account any
individual strength differences for a comprehensive and nuanced assessment of career
development, it is essential to understand vocational interests within the context of the person-
environment fit paradigm. Vocational interests, in isolation, provide only a partial perspective
on an individual's career preferences and choices. To gain a holistic understanding, it is
imperative to consider both the individual and their surrounding environment.
Person-Environment Interest Fit

Interests become a crucial component of a person's identity through a dynamic
interaction between that individual and his surroundings (Su, 2020). Interest is viewed as a
chance for growth rather than an unchangeable characteristic by conceptualizing interest as a
transient psychological state. Therefore, interests can be used in organizational strategies for
attracting, retaining, and managing staff turnover. The person-environment fit framework
acknowledges that an individual's interests are not fixed attributes but are influenced by
various contextual factors such as culture, socioeconomic status, family dynamics, and
societal expectations (Kristof, 1996). Moreover, individuals actively shape their
environments, which in turn influence interests and career decisions (Schneider, 1987; Lent et
al., 1994). According to the person-environment fit model (Kristof, 1996), a match on
professional level between an individual and his environment creates positive outcomes, such
as increased satisfaction and productivity. This match occurs when personal attributes such as
values and needs are compatible with the values imposed by an environment. People naturally
experience a fundamental need to belong somewhere and strive for security and predictability.
A match can be achieved when their personality and interests converge to those of others (van

Vianen, 2018). One could therefore argue that each of us seeks a job that fits his/her



WHERE ARE THE BOTTLENECKS? 214

vocational interests, which benefits individuals, companies and society alike (Ostroff, 2012;
Schneider et al., 2000). Individual differences explain the wide range of occupational choices,
thus having a positive impact on the labor market (Hoendervanger et al., 2018). Nevertheless,
for some occupations it still is difficult to find a match. These are the so-called shortage
occupations. Several research have delved into shortages within the labor market, primarily
concentrating on the disparity in skills rather than the particular interest profiles associated
with specific occupations (McGrath, 2021). If we can understand why people choose a
specific job through vocational interests, the question arises whether the failure to remedy
labor shortages is partly a reflection of interest profile distributions in the population.

It is pertinent to explore the notion that vocational interests may not be easily
modifiable, teachable, or cultivable through traditional interventions (Low et al., 2005). This
assumption raises a critical question regarding the efficacy of economic interventions aimed
at remedying labor shortages. Delving into this line of reasoning sheds light on why
conventional economic strategies may fall short in effectively addressing labor market
imbalances. This discussion underscores the importance of considering the interplay between
individual preferences, economic dynamics, and policy interventions when devising strategies
to mitigate labor shortages.

Consistency and Differentiation

Holland’s (1997) theory contains of two theoretical constructs about interest profile
features: consistency and differentiation, which may be critical in understanding shortage
occupations. Vocational interest profiles can either be consistent or inconsistent. Consistency
is whether the two dominant dimensions align on the hexagon or not. Highly consistent
interest profiles have a low geometric distance between the highest two RIASEC scores.
Consistent vocational personality profiles are associated with more job satisfaction and

increased stability in occupational choice (Tracey et al., 2014). Fewer people are inconsistent
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(Holland, 1997), which suggests that if certain occupations are primarily associated with
inconsistent profiles, this could contribute to their status as shortage occupations. These
occupations might be harder to fill because fewer individuals have inconsistent profiles that
align with them. Shortage occupations are expected to have a higher prevalence of
inconsistent interest profiles, making it harder for individuals to find satisfaction and stability
in these roles.

Another concept related to RIASEC is differentiation or the variation in scores.
Differentiation describes how well an interest profile is defined. One dominant RIASEC
interest type with relatively low scores on the other five RIASEC dimensions characterizes a
highly differentiated interest profile. Low differentiation, on the other hand, refers to a profile
where all RIASEC interests, regardless of degree of endorsement, are similarly high or low.
According to Holland's (1985) theory, people with more differentiated interest profiles—those
with a wider range of scores—would be better able to identify their likes and dislikes, which
would improve their ability to make career choices. Empirical studies of vocational interests
and related constructs mostly focus on the individual level, while the environmental level is
often overlooked (Huang & Pearce, 2013; Nauta, 2010). Occupations requiring less
differentiated profiles may struggle to attract and retain candidates due to the lack of clear fit,
leading to indecision and higher turnover. Therefore, we control for these measures on
occupational level.

Vocational Interests and Job Choice

The question arises “Why do people choose or do not choose a specific occupation?”.
Many indicators help determine when it comes to job choice. Earlier, we discussed some
economic variables. However, there are also psychological factors to consider, such as
vocational interests. Furthermore, literature largely focuses on the role of vocational interests

in supporting people choosing fitting jobs. A good fit between an individual and his work
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environment has been found to be positively associated with job satisfaction, stability, and
success in a number of studies (such as Assouline & Meir, 1987; Hoff et al., 2020; Wille et
al., 2010). Despite the fact that Hoff et al. (2020) found evidence that interest fit affects job
satisfaction, interest fit is more strongly associated with performance outcomes and career
satisfaction in general. Research by Morgan and colleagues (2001) shows that mainly interests
encourage people to choose a particular career. In their study, as many as 64% of the
participants indicated that interest was the decisive factor in making their job choice. While
only 7% of the subjects cited extrinsic factors, such as status and high salary, as driving
factors. Larkin and colleagues (2007) found similar results: all participants reported higher job
satisfaction when the job matched their vocational interests. In addition, this study showed
that participants' satisfaction increased the more strongly the reasons for job choice were felt,
regardless of whether these reasons were intrinsically or extrinsically motivated. In this
respect, individual differences in motivation play only a limited role, and mainly differences
in vocational interests and intensity of motivation matter.

Present Study

Despite an average of 182,442 non-working jobseekers in Flanders in March 2022 and
more than 81,433 open vacancies in the same period (VDAB Arvastat, n.d.), a proportion of
job vacancies can hardly be filled out. Therefore, the Public Employment Service of Flanders
(VDAB) defines the term shortage occupation as "a job that is always in demand" or "an
occupation for which it is more difficult to fill vacancies than for other occupations".

The present study aims to explore how we can contribute from a RIASEC perspective
in explaining labor shortages through the lens of three distinct hypotheses. Vocational
interests are related to job choice, performance and persistence in work contexts (Nye et al.,
2012). We thus expect that vocational interests can predict whether an occupation suffers

from labor shortages. Jobs with vocational interest profiles that are rare in the population are
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less likely to be chosen. Hoff and colleagues (2021) found that almost 50% of adolescents
aspire to investigative or artistic careers suggesting a strong interest in creative and
exploratory fields. However, these fields may have limited job openings compared to the
demand. Conversely, the lack of interest (<1%) in conventional interest careers, despite
representing over one-fifth of U.S. job openings, may indicate a disconnect between what is
perceived as interesting or desirable and the actual opportunities available.

Incorporating multiple measures of shortage in our study serves to offer a
comprehensive assessment of labor market dynamics. The binary classification of shortage
occupations is used for Hi. This measure introduces qualitative criteria, including fill rates
and expert opinions, to identify occupations facing shortages. In addition, we used two
measures for the magnitude of shortage for H>. The tension indicator quantitatively evaluates
tightness within the market, emphasizing efficiency in job placements and signalling market
expansion or contraction. Conversely, the magnitude of shortage provides a specific measure
of scarcity within occupations by comparing open vacancies to total received vacancies,
offering insights into the severity of shortages in specific roles. Together, these measures
provide a nuanced understanding of labor market challenges and opportunities, encompassing
both quantitative and qualitative aspects to inform policy and decision-making effectively.

To systematically address our research question, we formulate three hypotheses which
provide a structured framework, allowing us to test and validate our assumptions through
empirical analysis:

Hi: RIASEC interests predict shortage occupations at the occupation level.

Hz: RIASEC dimensions within shortage occupations explain the magnitude of the
labor shortage, measured by the tension indicator and the ratio open to received vacancies.

H3: There is a mismatch for shortage occupations between interest demand on the

labor market and interest supply of prospective workforce.
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Method
Data and Procedure

For H; and Hy, data is collected from two databases. We combined data from the
Public Employment Service of Flanders (VDAB) with US data from the Occupational
Information Network (O*NET). VDAB listed all occupations (645, 36% shortage
occupations) in 2022 in Flanders and we could link interest data from O*NET of N =309
occupations!, of which 169 are shortage occupations. We have the following information
about each occupation: job title of VDAB, job title of O*NET, education level, job category,
interest RIASEC profile, consistency of occupation profile, differentiation of occupation
profile, and several measures indicative of the labor market shortage (see below). The
research covered a total of 282,416 vacancies received in 2022.

For H3, we used interest data of 13,456 prospective students towards higher education
of cohort 2021-2022. The data is collected within the scope of the Columbus project, a long-
term study orientation initiative engaged by the government for prospective students in
Flemish higher education (Demulder et al., 2020). Columbus is a large scale online self-
assessment and feedback instrument, attempting to improve study orientation between
secondary education and higher education. To assist students in their study choice, Columbus
provides prospective students with individualised feedback on research-based questionnaires

and tests, including an interest inventory according to the RIASEC model (Fonteyne et al.,

' To determine whether the distribution of VDAB jobs in our sample based on the available O*NET data is
balanced across different substantive job categories, we conducted a paired samples t-test. Results indicate that
the distribution between selected and non-selected jobs does not differ statistically, with a p-value of 0.473. This
suggests that any observed differences in the job distribution across categories are likely due to random variation
rather than systematic biases. Consequently, we can infer that the job distributions in our sample are
representative of the overall distribution of jobs across the categories as defined by the O*NET data.
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2016; Holland, 1997). Approval was granted for this study by the Ethical Commission of the
Faculty of Psychology and Educational Sciences at Ghent University (reference 2016/82).

The data sample consists of US data of occupational interest profiles from O*NET and
Flemish data of job titles and shortage measures from VDAB. In a study by Wille and De
Fruyt (2014) participants described their work environments using a Dutch adaptation of the
Position Classification Inventory (PCI). The validity of this self-report vocational assessment
was assessed through an examination of the correlations between the PCI RIASEC scores and
the O*NET-derived RIASEC scores. A notable degree of correspondence was identified
between the scores derived from both assessment methods. Hence, it can be inferred that
O*NET provides a reliable measure for interest profiles relevant to Flemish job environments.
Measures
Vocational Interests

The vocational interest profiles for occupations were determined using The
Department of Labor’s O*NET occupational database. The Occupational Interest Profiles
(OIPs) were created based on Holland’s (1997) classification of work environments according
to people’s six interest dimensions: Realistic, Investigative, Artistic, Social, Enterprising, and
Conventional (RIASEC). The database of O*NET is continuously updated and contains
information provided by job experts (Rounds et al., 2013). A substantial amount of research
provides support for the predictive validity of certain factors concerning work outcomes (e.g.,
Hoff et al., 2021; Nye et al., 2019) and career choices (Hanna & Rounds, 2020). By using the
RANDALL software to do a randomization test of hypothesized order relations (RTOR), we
were able to confirm the circular RIASEC order and structure (Tracey, 1997; Tracey &
Rounds, 1996). A circular fit of the interest environment data reached significance, with a p-
value of .02. According to the results of this RTOR analysis, which showed a correspondence

index of .69, we can conclude that the circular fit was verified on occupational level.
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Differentiation

Differentiation or the variation in scores is operationalized by subtracting the lowest
score from the highest score (Holland, 1985). An alternative method of calculating
differentiation is the lachan index and is obtained by adding the second and fourth highest
RIASEC scores together and dividing the sum by 2. Then subtracting this score from the
highest RIASEC score and multiplying the subtotal by 0.5 (Iachan, 1984). These two indices
were highly correlated (» = .69, p <.001). As the Iachan index is more refined, we tested the
hypothesis using the Iachan index for differentiation.
Consistency

Highly consistent interest profiles have a low geometric distance between the highest
two RIASEC scores. Consistency in the environment profile determines the variety of features
the occupation will appeal to. There are three levels of consistency (High, Medium, Low)
when taken into account the first two letters of the RIASEC interest profile. The closer
proximity between the two highest scores on the hexagon indicate higher levels of
consistency. A high score is awarded if the highest two RIASEC scores are next to each other
on the hexagon. A medium score is awarded if there is one additional type that separated the
top two scores. A low score is given if the highest scores are in opposition to one another.
Labor Market Shortage

Tension Indicator

In this study, we employ the tension indicator as a methodological tool to quantify the
level of tightness within the labor market (VDAB, 2022). This indicator is calculated as the
ratio between the number of job seekers currently without employment placements and the
total number of available job vacancies. A higher value in this indicator signifies a more
efficient and seamless process of job placements. We used the average over 12 months from

January 2022 till February 2023.
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The primary objective of this indicator is to provide a comprehensive assessment of
the labor market's dynamics, enabling us to discern whether it is undergoing periods of
contraction or expansion. Specifically, a decrease in the tension indicator serves as an
empirical marker for a tightening labor market. This decrease indicates that job vacancies are
being filled at an accelerated rate, potentially suggesting a decrease in the number of
unemployed individuals actively seeking employment opportunities.

Magnitude of Shortage

The magnitude of the shortage is expressed by the ratio of the amount of open
vacancies to the total amount of received vacancies of a specific occupation during the period
spanning from January 2022 to December 2022 (VDAB, 2022).

Table 2

Operationalization of shortage outcomes

Operationalization

Tension indicator ratio between the number of job seekers currently without
employment placements and the total number of available job
vacancies

Magnitude of shortage ratio of the amount of open vacancies to the total amount of

received vacancies of a specific occupation

Binary Classification of Shortage Occupations by VDAB

Every year, the Public Employment Service of Flanders (VDAB) publishes a list of
shortage occupations based on a few conditions. First, VDAB must receive at least 50
vacancies each year from an occupation (or 150 jobs for temporary workers). Secondly, there
must be a positive opinion from experts. Thirdly, there are three indicators of which at least

one must be fulfilled: (1) the tension indicator of an occupation must be smaller than the
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median of all occupations; (2) the ratio 'average balance to average vacancies received' of an
occupation must be larger than the median of all occupations; and (3) the fill rate of an
occupation must be smaller than the median of all occupations. Here, the tension indicator
represents the ratio of the total number of job seekers without work to the number of
vacancies available, and the fill rate represents the ratio of mumber of vacancies filled to total
vacancies handled' (VDAB, 2022).

Education Requirement Level

For each occupation, we looked at the open vacancies and the most in-demand level of
education requirements, ranging from low-skilled (International Standard Classification of
Education (ISCED) level 2), medium-skilled (ISCED level 3) to high-skilled (ISCED level 4-
5-6-7).

Analyses

To answer Hi, we used logistic regression with the binary classification of shortage
occupation as dependent variable and RIASEC as independent variables, while controlling for
education level, consistency and differentiation.

For Hz, we performed hierarchical multivariate analysis of covariance to assess
statistical differences on multiple continuous dependent variables (tension indicator and the
magnitude of the shortage) by RIASEC, while controlling for education level, consistency and
differentiation. Independent variables entered the analysis in three blocks. First, all six
RIASEC dimensions were added. Our analysis is guided by the recognition of the circular
structure inherent in the RIASEC model, emphasizing the interconnectedness and
interdependence of these dimensions. Therefore, it is paramount to underscore the necessity
of incorporating all six RIASEC dimensions into regression analyses, even in instances where
their direct effects may not manifest as statistically significant. This emphasis on inclusivity

arises from the acknowledgement that leaving out any dimension might cause a problem in
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regression models, specifically, the risk of the omitted variable problem (Sackett et al., 2003).
Next, we included education level, as this has previously been identified as important factor in
the mismatch of labor market demand and supply (McGrath, 2021). The last block included
the profile features of the occupation, namely consistency and differentiation.

For H3, we calculated the interest distribution rates among students as representative of
a large convenience sample. In accordance with the research conducted by Hoff et al. in 2024,
the workforce distribution in the United States in 2019 revealed the following percentages
across various interest areas among more than 1.21 million employees: 31.9% in the Realistic
jobs, 6.3% in Investigative jobs, 1.6% in Artistic jobs, 18.5% in Social jobs, 23.5% in
Enterprising jobs, and 18.2% in Conventional jobs. Though high-point coding in RIASEC
profiles may be a rudimentary technique, it offers a clear and unambiguous method for
identifying an individual's dominant interest, which is highly predictive of career and
educational choices (Hanna & Rounds, 2020). By focusing on the strongest interest within the
RIASEC framework (e.g., social in an SEARIC profile), high-point codes simplify the
process of matching individuals to careers, enhancing predictive accuracy. While complete
interest profiles provide a nuanced understanding of fit by considering the full rank-ordering
of interests, high-point codes effectively highlight the primary interest, making them a
practical tool in career guidance (Hoff et al., 2024). Despite their simplicity, high-point codes
yield results consistent with more comprehensive methods, confirming their utility in aligning
interests with job demands.

To assess the distribution rates of interest between labor demand and labor supply, a
nonparametric analysis was conducted using the Chi-square test, which is appropriate for
comparing the frequencies of a nominal variable across different groups. We substantiated our
findings regarding the interest data of a large Flemish convenience sample, the O*NET work

environment interest data, and the shortage occupations with a suitable illustration.
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Results
Descriptives and Preliminary Analysis

Table 3 shows the mean scores, standard deviations and zero-order correlations for all
occupation level variables. The correlations of all variables with the outcome variables
shortage occupation, tension indicator and magnitude of shortage, show the expected
relationship between interests and labor market shortages. The outcome variables, tension
indicator and magnitude of the shortage, were negatively correlated. The R and C dimensions
correlated positively with shortage outcomes, the A, S and E dimensions negatively.

The level of education is significantly related to various interest dimensions. The R dimension
is strongly negatively correlated, while the S and E component are positively correlated with
education level. There is a strong, significantly negative relationship between educational
level and shortage occupations. Consistent and differentiated jobs are positively correlated
with shortages.

Before engaging in our analyses, a thorough assessment of multicollinearity was
conducted to ensure the integrity of the regression model. This assessment involved
scrutinizing the Variance Inflation Factor (VIF) values, a commonly employed metric for
assessing multicollinearity (Stevens, 2012). Importantly, all VIF values were found to be well
below 5, affirming the absence of significant multicollinearity concerns within the variables

considered for the analyses.
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Table 3

Descriptive Statistics and Zero-Order Correlations

M SD 1 2 3 4 5 6 7 8 9 10 11 12
1. Realistic 4.89 2.13 -
2. Investigative 2.92 1.72 0.04 -
3. Artistic 2.27 1.60 -0.28"  0.00 -
4. Social 2.69 1.86 -0.62"  -0.00 0.197 -
5. Enterprising 3.58 1.86 -0.677  -0.30"  0.11 0.33 -
6. Conventional 4.19 1.50 0217 -0.05 045" 0.26 0.75 -
7. Education level 2.44 0.59 -0.577 029" 0267 0337 0347 0.12 -
8. Consistency 2.72 0.51 020"  -0.14° -0.34" -0317 -0.13" 026  -0.18" -
9. Differentiation 1.55 0.48 037%  -033" -029" -043" 040" -0307 -0407 0237 -

10. Tension indicator ~ 44.33  190.74 -0.14" -0.11"  0.347  0.03 0.00 -0.16"  -0.05 -0.13"  0.04 -

11. Magnitude of 0.23 0.16 0.40"  0.01 -0.177 027" -0.257 -0.13" 026" 0.10 0217 -0.16" -
shortage

12. Shortage 0.55 0.50 035" 0.05 033" 024" -0.227 014 025" 023" 0157 -022" 0217 -
occupation

Note. N =309. M = Mean. SD = Standard Deviation. “ p <0.05, * p<0.01, ™ p <0.001.
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Hi: Prediction of Shortage Occupations

For the first hypothesis, we performed a logistic regression for predicting shortage
occupations measured by the binary classification of shortage occupation by VDAB, based on
vocational interests at the occupation level. The model containing all RIASEC interest
dimensions as predictors was statistically significant, y2 (6) = 65.80, p <.001. We found that
the combination of the realistic (R) (B = 0.374; p <.001), investigative (I) (B = 0.057; p > .05),
artistic (A) (B =-0.306; p <.01), social (S) (B = 0.036; p > .05), enterprising (E) (B = 0.003; p
>.05), and conventional (C) (B = 0.216; p <.05) dimension, could explain about 26% of the
variance in shortage occupations. When we controlled for profile characteristics of the
occupations such as education level requirement, consistency and differentiation, the model
was statistically significant, y2 (9) =71.77, p <.001. We found that the combination of R (§ =
0.399; p<.01), I (B=0.168; p >.05), A (B=-0.210; p >.05), S (B=0.131; p > .05), E (B =
0.077; p>.05), C (B =0.261; p <.1) and education level (B =-0.291; p > .05), consistency (p
=0.504; p <.1) and differentiation (f = 0.435; p <.01), could explain about 28% of the
variance in shortage occupations, with RIASEC providing 26% of unique explained
population variance above and beyond profile characteristics. The artistic dimension and
education level contribute negatively to the occurrence of shortage occupations.
Hz: Prediction of the Magnitude of the Labor Shortage

Hierarchical multivariate analysis of covariance (MANCOVA) was conducted;
independent variables entered the analysis in three blocks. Table 2 shows the (increase in)
explained variance for each cluster of variables. For the tension indicator and the magnitude
of the shortage, vocational interests uniquely explained respectively 13% and 21% of the
variance in labor market shortage. When we entered the first block of variables with only

RIASEC, there was a significant difference in shortage based on the Investigative (¥(2, 160)
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=9.343, p =.000; Wilk’s lambda = 0.895, partial' #° = .105) and Social interest dimension
(F(2,160) = 4.618, p = .011; Wilk’s lambda = 0.945, partial #° = .055). The I and S
dimension negatively contributed to the shortage outcomes.

Furthermore, there is no significant effect of the Realistic (#(2, 160) = 1.371, p = .257,
Wilk’s lambda = 0.983 , partial ° = .017), Artistic (F(2, 160) = 0.153, p = .858, Wilk’s
lambda = 0.998, partial #° = .002), Enterprising (F(2, 160) = 1.066, p = .347, Wilk’s lambda =
0.987, partial #? = .013) and Conventional (F(2, 160) = 0.983, p = .377, Wilk’s lambda =
0.988, partial #° = .012) interest dimension on the two measures of shortage.

Next, we entered education level as a dummy variable with highly educated as
reference category. Education level significantly predicted shortage over and above vocational
interests (with AR2 = 0.02). There was a significant difference in shortage based on the
Investigative (F(2, 158) =4.579, p = .012; Wilk’s lambda = 0.945, partial #° = .055) and
Social interest dimension (F(2, 158) = 5.020, p = .008; Wilk’s lambda = 0.940, partial 7’ =
.060).

Finally, we entered the occupation profile characteristics consistency and
differentiation to the model. Consistency is a dummy variable with highly consistent as
reference category. Occupation profile features significantly predicted shortage over and
above vocational interests and education level (with AR2 between 0.01 and 0.02). There was a
significant difference in shortage based on the Investigative (£(2, 155) = 5.000, p = .008;
Wilk’s lambda = 0.939, partial #° = .061) and a marginal significant difference in shortage
based on the Social interest dimension (£(2, 155) = 2.621, p =.076; Wilk’s lambda = 0.967,

partial #° = .033). All betas can be found in Appendix 6.

! Effect sizes are calculated using a partial #? with 0.01 = small effect, 0.06 = medium effect and 0.14 = large
effect (Cohen, 1988).
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We can conclude that the labor market shortage measures were significantly
dependent on the investigative (medium effect) and social (small effect) interest dimension of
the occupation profile (p <.05), even when controlling for education level, consistency and
differentiation.

Table 4

R-squared Change for Measures of Magnitude of Shortage

N R* RIASE  AR? education AR? profile Total R?
C level features
Tension indicator 168 13™ 0.02 0.02 16™
Magnitude of 168 217 0.02 0.01 24"

shortage

Note. " p < .01, " p < .05.

Hjs: Mismatch Interest Demand versus Supply

For the third hypothesis, we calculated the interest distribution rates among
prospective students as representative of the workforce sample (i.e., the labor supply). The
student distribution in Flanders in 2021 revealed the following percentages across various
interest areas among more than 13,456 higher education students: 11,1% has the highest
interest score in the Realistic category, 16,1% in the Investigative category, 15,9% in the
Artistic category, 27,3% in the Social category, 24,1% in the Enterprising category, and 5,6%
in the Conventional category. More than two third of the students is interested in the people
oriented RIASEC dimensions. Only one third is interested in the things oriented RIASEC
dimensions.

For the interest labor demand, we have data of all jobs, data of only the shortage
occupations and data of the shortage occupations with higher education requirement.

The occupational distribution based on the RIASEC model in the O*NET database of

work environments indicated the following percentages across diverse interest areas among
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309 jobs: 46% in the Realistic category, 8% in the Investigative category, 7% in the Artistic
category, 9% in the Social category, 17% in the Enterprising category, and 13% in the
Conventional category. More than two third of the demand on the labor market consists of the
things oriented RIASEC dimensions. Only one third is interested in the people oriented
RIASEC dimensions.

When we narrow down our inquiry to address the shortage occupations, we observe
the following: 60% R, 6% 1, 1% A, 8% S, 15% E, and 10% C. For shortage occupations with
higher education requirements, which are more comparable to the student sample, the
following percentages are observed: 19% R, 14% 1, 16% S, 30% E, and 21% C. Figure 1
gives a visual summary of the RIASEC distribution of interest demand and supply on the
labor market.

To examine the distribution of interest across jobs and a large convenience sample of
students, we conducted a Chi-square test for frequencies. This nonparametric test was chosen
due to its suitability for analyzing the association between categorical variables when
assessing the distribution rates.

The results of the Chi-square test indicated a significant association between interest
distribution of our student sample and jobs (y? = 12124.29, df = 5, p <.001). This suggests
that there is a deviation from the expected distribution of interests across the student sample
and the jobs available, indicating a potential disparity in interests between interest demand
and supply. In the large student sample, the R and C interest dimensions occur noticeably less
frequently than demanded by the labor market, whereas the I, A, S, E dimensions occur
significantly more frequently than anticipated.

Upon conducting a similar Chi-square test to compare interest distributions between
the student sample and shortage occupations, a significant difference was found (y? =

44567.36, df =5, p <.001). Specifically, the R and C interest dimensions occur noticeably
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less frequently than demanded by the labor market in shortage occupations. Further analysis
focusing on a subset of shortage occupations, particularly those with higher education
requirements, revealed that the R, E, and C interest dimensions occur noticeably less
frequently than demanded by the labor market (y?= 338115311, df =5, p <.001).

Thus, our results show a clear mismatch between interest demand on the labor market
and interest supply of prospective workforce.
Figure 1

Distribution of Interest Demand and Supply on the Labor Market
70
60
50
40
30
20

10

R I A S E C

Workforce sample = All Jobs ® Shortage occupations @ High Educated Shortage Occupations

Note. Distribution displayed as percentages of dominant, highest scoring RIASEC interest
dimensions across four categories: convenience sample, all jobs, shortage occupations and
high educated shortage occupations.

Discussion
Shortage occupations are evident in a diverse array of professions spanning various
skill levels, notably within construction, healthcare, science, technology (with a specific
emphasis on ICT, as well as engineering and mathematics (STEM) sectors (McGrath, 2021).

Looking forward, the scarcity of skilled workers is anticipated to endure in both high-skilled
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and low-skilled occupations, driven by demographic shifts, particularly an aging population,
and the ongoing transitions towards environmentally sustainable practices and digital
technologies (European Commission, 2023). Various studies have investigated labor market
shortages, but focused mainly on economic variables or on skill mismatch (OECD, 2019;
McGrath, 2021), and not on the specificity of the interest profiles at the occupation level. This
is surprising given that the literature on organizational psychology considers vocational
interests as the main driver of job choice at the individual level (Hoff et al., 2020). The
current study aimed to address this gap in literature, investigating the relationship between
shortage occupations and vocational interests. First, we investigated how vocational interests
contribute to the prediction of the magnitude of the shortage, operationalized by two
independent measures. Moreover, we controlled for education level requirements of the jobs
and RIASEC job features like consistency and differentiation. Second, we set forward to
explore to what extent vocational interests differed between shortage occupations and jobs
where there is no shortage. Finally, we investigated whether there exists a discrepancy
between the demand for interests in the labor market and the supply of students' interests upon
entering jobs.
Prediction of Shortage Occupations

Shortage occupations can be elucidated by various factors, including demographic
shifts, demand and supply imbalances at the education and training levels, technological
advancements and automation, globalization effects, loans and broad working conditions
(McGrath, 2021). While multiple factors exert influence, our study demonstrates that
vocational interests independently account for 26% of the observed variability in shortage
occupations.

In accordance to our first hypothesis, the present study demonstrated that shortage

occupations are characterized by higher realistic and conventional dimensions and a lower
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artistic interest dimension, e.g. construction site managers, truck drivers or ICT specialists.
Holland’s RIASEC dimensions could explain about 26% of unique explained population
variance? in shortage occupations above and beyond profile characteristics. Relatively less is
known about the value of RIASEC profiles at the occupation level of analysis (Nauta, 2010),
however we found RIASEC's circular structure at the environmental level through RTOR
analysis.

When controlling for education level, consistency and differentiation, the realistic and
conventional dimension stayed important. Differentiation of the occupational interest profile
adds value to the prediction of shortage occupations and consistency of the profile was
marginally significant. Thus, jobs characterized by realistic and conventional dimensions and
more consistent and differentiated jobs, show more shortages. Examples for consistent jobs
are insurance sales agents and secretaries (high E, high C), for non-consistent jobs nursing
assistants and bus drivers (high R, high S). Examples for differentiated jobs are farmworkers
and construction laborers (high R), for non-differentiated jobs bartenders (high R, S, E, C)
and credit counselors (high S, E, C).

Our results support Hoff’s (2018) findings that if people are less conventional, the
environment they will seek out will also be less conventionally oriented. Therefore more
conventional jobs will show more shortages. Hoff and colleagues (2018) show that interests
oriented towards people, such as artistic, social, and enterprising, exhibited a tendency to
increase, while interests related to things either decreased (conventional) or remained

consistent (realistic and investigative). Hoff et al. (2021) found that a negligible percentage of

2 In the domain of Work and Organizational Psychology, the utilization of R squared, or the proportion of
variance elucidated, is relatively infrequent compared to the prevalence of correlations. In the context of an R
squared value of 0.26, it is indicative of a correlation coefficient (r) amounting to .51.
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participants (less than 1%) expressed an aspiration for a career aligned with conventional
interests, despite the fact that conventional jobs constitute more than one-fifth of all job
openings in the United States.

Our results also show that realistic jobs are harder to fill. The global number of
students pursuing higher education more than doubled in the last two decades (Unesco, 2022).
People are more inclined to study further because of the current knowledge economy in many
countries. Therefore, it is plausible that realistic occupations are less likely to be filled.
Prediction of the Magnitude of the Labor Shortage

Concerning our second research question, the current study discovered that there was a
significant difference in magnitude of shortage based on the Investigative and Social interest
dimension, with a medium to large effect size in the prediction of shortage. This finding
suggests that occupations closely aligned with these interest domains, such as STEM (e.g. IT
sector) and social careers (e.g. healthcare and education), are more susceptible to experiencing
large workforce deficits. These findings underscore the importance of comprehending and
fostering interest in these specific occupations to mitigate future shortages. For the tension
indicator and the magnitude of the shortage, vocational interests uniquely explained
respectively 13% and 21% of the variance in labor market shortage. Education level
significantly predicted shortage over and above vocational interests (with AR? = 0.02).
Occupation profile features significantly predicted shortage over and above vocational
interests and education level (with AR? between 0.01 and 0.02). After adding the blocks of
education level and profile features, the Investigative and Social interest dimension, predicted
the magnitude of the shortage with a small to medium effect size. This finding confirms that

vocational interests at occupation level are a prime trigger for labor market shortages.



WHERE ARE THE BOTTLENECKS? 234

Mismatch Interest Demand versus Supply

In addressing our third research question, which delves into the potential mismatch
between interest demand and supply, we conducted an analysis of interest distribution rates.
This analysis aimed to compare the interests of the labor supply, represented by prospective
students, with the interest requirements in the labor market.

The distribution of interests among more than 13,456 higher education students in
Flanders demonstrated a substantial majority of students have a preference for people-oriented
RIASEC dimensions, with only one third expressing interest in the things-oriented RIASEC
dimensions.

Turning to the interest labor demand, we utilized data encompassing all jobs, solely
the shortage occupations, and those with higher education requirements within the shortage
occupations. The RIASEC distribution of labor demand reveals more than two-thirds of the
demand on the labor market pertains to the things-oriented RIASEC dimensions, while only
one third aligns with the people-oriented RIASEC dimensions. Our results are in line with
previous research (DeCeanne et al., 2017; Hoff et al., 2024).

Upon narrowing our focus to shortage occupations, the observed interest distribution
stresses the importance of things-oriented dimensions such as R and C. More specific
shortage occupations with higher education requirements, which are more comparable to the
student sample, are besides the things dimensions more situated in the data-oriented RIASEC
dimensions such as E and C.

This comprehensive analysis underscores notable divergences between the interests of
the prospective workforce, represented by students, and the prevailing demand on the labor
market. The findings of Hoff and colleagues (2021, 2024) align with our results about the

discrepancies between labor demands across interests and the labor market. Such disparities
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merit further examination and strategic considerations for addressing potential mismatches in
interest profiles between the supply and demand sides of the workforce.
Limitations and Future Research

In this chapter, interest is approached as a relatively isolated factor, neglecting its
interaction with other variables such as working conditions, wage, and prestige. Over the
recent years, fields such as social policy, social work, and sociology have developed a highly
relevant tradition of research into 'precarious working conditions,’ offering a sociological
perspective on how the phenomenon of shortage occupations functions within a broader
societal context. Future research could focus more on interactions between vocational
interests, psychological, occupational and societal factors.

A significant constraint of the study is its confinement to young individuals expressing
an interest in pursuing further education. Notably, a considerable portion of the challenge
associated with shortage occupations lies within the demographic not covered by this
research.

Practical Implications

The current study shows that RIASEC interests have an effect on the likelihood that an
occupation will suffer under shortages, and therefore it is important to assess this variable
well both at individual level and at occupational level. Individuals need to engage in the
exploration of their vocational interests to gain insight into their genuine occupational
preferences and aspirations. However, our results show a mismatch between interest demand
and interest supply on the labor market. Occupations facing shortages exhibit interest profiles
predominantly characterized by realistic and conventional dimensions, with a lesser emphasis
on artistic dimensions. In contrast, the general population tends to demonstrate the opposite
pattern. These observed differences suggest significant discrepancies that could be targeted

for career interventions. For instance, interventions may concentrate on cultivating greater
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interest in realistic and conventional careers. Drawing from research in educational
psychology, interventions designed to enhance interest prove most effective when
incorporating attention-grabbing scenarios, problem-based learning, and utility value
enhancements (Harackiewicz et al., 2016; Piesch et al., 2020). Consequently, an intervention
tailored to boost interest in conventional fields could involve encouraging youth participation
in organizational and detail-oriented activities, while also providing education about data-
oriented technology careers, known for their favorable remuneration and anticipated job
growth. For example, Turner and Lapan (2005) evaluate the effectiveness of a career
development intervention known as Mapping Vocational Challenges (MVC) among middle-
school adolescents. Findings indicated that MVC proved to be a beneficial intervention,
leading to improvements in adolescents' efficacy across various career development domains
and increased interest in non-traditional career options delineated by Holland's occupational
themes, namely for boys an increase in A, S, and C, and for girls in R, I, and E.

Substantial structural shifts in the labor market can result in disparities between labor
demands and available human capital (Hirschi, 2018). Considerable efforts from researchers
and policymakers have been directed toward developing interventions to bridge these gaps,
such as motivating more students to pursue careers in Science, Technology, Engineering, and
Math (Blustein et al., 2020; Rottinghaus et al., 2018). However, for these interventions to be
efficacious, there is a need for a foundational understanding of the specific job types that
youth aspire to. For instance, interventions could focus on kindling interest in career domains
with growing employment demands that are currently underrepresented in the career
aspirations of young individuals, the so called shortage occupations (Hoff et al., 2021).

Conclusion
In conclusion, vocational interests offer a unique contribution to the discourse

surrounding determining career choices, job shortages and recruitment challenges. While
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vocational interests can contribute to the explanation of shortages at occupation level, they are
just one piece of the puzzle. To address workforce shortages effectively, policymakers,
educators, and employers must incorporate vocational interests to achieve a holistic approach
that takes into account all the factors influencing the supply and demand for labor in specific
industries and regions. Policymakers and employers ought to deliberate on strategies to
enhance the appeal of such occupations to prospective jobseekers. This approach may involve
initiatives such as aligning occupational opportunities with the evolving interests of

individuals from an early age.
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The transition from secondary towards higher education presents significant
challenges for students, particularly in open-access systems like in Flanders, where there is
almost unrestricted access to a wide range of study programs (Tett et al., 2017; OECD, 2021).
This shift involves two critical tasks that students must successfully accomplish to attain their
desired degree (Fonteyne, 2017). Specifically, choosing a feasible study path and achieving
academic success are essential for staying on track within the chosen program (Fonteyne,
2017; Schelfhout, 2019).

As a result, the large-scale online self-assessment and feedback tool, Columbus, was
created to help students in their final years of secondary education explore their study options,
recognize their strengths and areas for growth, and better understand potential challenges they
may face during the transition to higher education. Over the past seven academic years, the
tool has been implemented with over 155,000 students, providing a valuable and extensive
dataset. This wealth of data underscores the importance of continuously refining and
optimizing the tool to deliver the most accurate feedback possible to prospective students.
Ensuring its effectiveness in addressing the needs and insights emerging from research,
education, and key stakeholders is essential.

The main goal of this dissertation was to investigate and improve students’ academic
paths, address research gaps and contributing to educational and vocational practices with a
strong emphasis on the dual dimensions of cognitive and non-cognitive skills, encompassing
both intellect, self-beliefs, self-regulation and interests. Orientation does not end with the
study choice in higher education. Therfore, we also take a step towards integration with career
orientation, with an emphasis on lifelong learning.

This final chapter offers a summary of the key findings presented in the preceding five

empirical chapters. The general discussion delivers a comprehensive critical analysis of these
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results. In addition, it examines the strengths and limitations of the research, identifies
potential future research, and considers the implications for both practice and policy.
Empirical Findings

Non-Verbal Reasoning

In Chapter 2, we introduced Rules as a free non-verbal reasoning test. Assessment of
cognitive abilities is crucial for deciding on higher education paths, yet many intelligence
tests are either costly or time-consuming (Ackerman & Kanfer, 2009). To address these
issues, we created Rules, a public-domain non-verbal fluid reasoning test aimed at identifying
students who are at a high risk of struggling during their first year of higher education. This
test was designed to assess a specific aspect of cognitive ability rather than offering a full
measure of general intelligence ('g').

In our evaluation of Rules, we conducted three studies. First, we assessed its internal
consistency, distribution, and structural validity. Second, we checked its construct validity by
comparing Rules with Raven’s 2 Progressive Matrices Short Screener. Third, we explored its
predictive validity against standardized tests in mathematics and academic language
proficiency.

Our results show that Rules, consisting of two subscales exclusion and deduction, has
acceptable reliability with a Cronbach's alpha of .79, suitable for population research purposes
(Evers et al., 2010). However, caution is advised when interpreting subtest results
independently, and reliability should be verified prior to use.

The distribution of Rules’ scores shows a slight left skew, intentionally designed to be
more sensitive at the lower end of the ability spectrum in higher education. This skew is
intended as the test is part of a broader, low-stakes tool for educational guidance rather than
for identifying high performers. Thus, while effective for population research and educational

orientation, Rules is not suited for binding selection purposes.
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Overall, we found a small gender difference, with boys slightly outperforming girls, a
result consistent with existing literature on cognitive abilities (Colom & Garcia-Lopez, 2002;
Abad et al., 2004). Additionally, our analysis revealed negligible differential item functioning
(DIF) effects by sex, except for one item favoring girls. Regarding socio-economic status
(SES), a minor effect was observed, with high SES students scoring slightly higher. This
finding aligns with research indicating that SES has a limited impact on fluid intelligence,
with our test largely independent of socio-economic factors (Rindermann et al., 2010).

The structural analysis of Rules, through confirmatory multidimensional item response
theory (MIRT) models, revealed that a model with correlated dimensions loading onto a
higher-order factor demonstrated a good fit to the data. This finding shows that the test
effectively measures fluid intelligence through its subtests of exclusion and deduction,
supporting the CHC theory and the positive manifold. The abilities of lower-scoring
individuals are particularly well captured.

In terms of construct validity, cross-validation with Raven’s 2 Progressive Matrices
Short Screener revealed a moderate correlation of » = .62, confirming the presence of a
positive manifold. The magnitude of the relationship is in line with prior cross-validation
research with Raven (McLeod & McCrimmon, 2021). Although Rules does not aim to
measure IQ as Raven does, it serves as a concise, free fluid reasoning measure in line with the
Columbus project’s goals.

Lastly, our predictive validity study found that Rules explains 37% of the variance in a
standardized mathematics test and 17% in academic language proficiency, with sex and SES
controlled for. These results align with previous research on the relationship between fluid

intelligence and academic skills (Peng et al., 2019).
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Identifying Student Profiles in Higher Education

In Chapter 3, we aimed to investigate the typology of student profiles in higher
education, guided by McGrew's (2021) framework. The study focused on both cognitive
abilities (math and verbal) and non-cognitive factors (such as self-efficacy, self-concept,
motivation, and vocational interests). A person-centered method was employed using data
from a large-scale longitudinal project to offer a thorough understanding of student
characteristics and their link to study outcomes, which can inform the development of more
tailored interventions. The study emphasized the importance of identifying distinct profiles
within the student population, highlighting the value of the extensive nationwide Columbus
dataset. The research explored how factors like sex, socio-economic status, and educational
track in secondary education influence profile membership, while assessing the relationship
between these profiles and outcomes such as study progress, timely graduation, and dropout
rates. Six distinct profiles were identified, reflecting the heterogeneity among students in
terms of their cognitive and non-cognitive abilities.

The Broadly Interested Cognitives (24%) are characterized by strong cognitive
abilities, average self-regulation, and high levels of interest across all dimensions. The
Enterprising Conventionals (18%) display below-average cognitive abilities but above-
average self-regulatory skills, alongside low interest in Realistic (R) and Investigative (I)
dimensions, paired with a strong preference for Enterprising (E) and Conventional (C)
dimensions. The Socially Skilled Self-Regulators (17%) have average cognitive abilities,
outstanding self-regulation skills, and a low interest in Realistic (R), Enterprising (E), and
Conventional (C) dimensions, but high interest in the Social (S) dimension. The Low
Cognitives Low Interested profile (15%) are characterized by weak cognitive abilities,
average self-regulation, and generally low interest across all dimensions. The Realistic High

Cognitives (14%) are marked by high cognitive abilities, average self-regulation, and varied
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interests, particularly a strong inclination toward the Realistic (R) dimension. Lastly, the
Artistic Non-Regulators (12%) exhibit below-average cognitive abilities, poor self-regulation,
and low interest in most areas, except for an average interest in the Social (S) dimension and a
high interest in the Artistic (A) dimension.

The Broadly Interested Cognitives and Realistic High Cognitives are more likely to
pursue academic bachelor’s programs, which emphasize abstract and theoretical learning.
This aligns with their cognitive abilities and interests. In contrast, the Low Interested Low
Cognitives and Artistic Non-Regulators tend to choose professional bachelor’s programs,
which combine theory with practical skills for professional careers. However, for the Low
Interested Low Cognitives, this choice might represent a ‘negative choice’, driven by low
interest, low motivation, and low cognitive abilities, potentially leading to challenges with
engagement and motivation during their studies.

Sex differences played a key role in profile membership. Females were more likely to
be classified as Socially Skilled Self-Regulators or Low Cognitives Low Interested, while
males dominated the Realistic High Cognitives group. These patterns align with established
research showing gender differences in interests (Einarsdéttir & Rounds, 2020) and self-
regulation abilities (Bugler et al., 2012; Huang, 2012). Women are more likely to have social
and artistic interests and show higher academic motivation and self-efficacy in language arts,
whereas men are more inclined toward realistic, investigative, and enterprising interests and
show higher self-efficacy in areas like mathematics and science.

While the student profiles were largely SES-neutral, the Realistic High Cognitives
showed slightly higher SES, whereas Enterprising Conventionals were linked to lower SES.
This latter result could be linked to their strong interest in enterprising activities, indicating a

possible focus on financial goals. Additionally, academic and governmental SES indicators
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frequently carry a cognitive component, such as those referencing the mother's level of
education.

Educational track in secondary education also played a role. The majority of Broadly
Interested Cognitives came from general education, a track seen as academically prestigious
with a broad range of interests, while students with lower cognitive abilities and interests, like
those in the Low Cognitives Low Interested profile, were more likely to come from technical
education, which holds a less prestigious position in the Flemish education system
(Vandenbroeck et al., 2024). This hierarchical structure in Flemish secondary education, often
called a ‘waterfall system’, directs students with lower cognitive abilities and interests
towards less prestigious tracks (Vandenbroeck et al., 2024).

The study examined the relationship between six student profiles and various study
outcomes, including study progress, timely graduation, and dropout rates. The Socially
Skilled Self-Regulators, noted for their strong self-regulation abilities, had the highest study
progress and timely graduation rates. Interestingly, the profile with the highest average study
progress was characterized by lower or average cognitive abilities. This supports McGrew's
(2021) theory that self-beliefs and motivation are key to achieving academic goals, with self-
regulation playing a critical role in translating intentions into actions. The ability to regulate
learning effectively compensates for moderate cognitive skills, as motivation and self-
regulation enhance the use of cognitive resources. Malanchini et al. (2024) further emphasize
that non-cognitive skills become stronger predictors of academic success as students progress
through their educational careers.

In contrast, the Artistic Non-Regulators, who displayed the weakest self-regulation
skills, had the lowest rates of study progress and timely graduation. Despite having the lowest
cognitive abilities, the Low Interested Low Cognitives fared better than the Artistic Non-

Regulators in terms of study progress, likely due to their average self-regulation abilities. This
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suggests that self-regulation can mitigate cognitive deficits and is crucial for academic
success. Van Iddekinge et al. (2017) provide a theoretical explanation, proposing that ability
and motivation independently contribute to performance, allowing one to compensate for the
other. Nevertheless, we presume that a basic level of cognitive abilities is required.

The study also highlighted the profiles most at risk for dropout—Low Interested Low
Cognitives and Artistic Non-Regulators—who exhibited dropout rates four times higher than
those of higher-performing profiles, even though the overall rate was still relatively low at
4%. These profiles were marked by both low cognitive abilities, low interests and limited self-
regulation, aligning with previous research on higher education dropout rates (Aina et al.,
2022).

Chapter 3 identifies six distinct student profiles, drawn from a large, nationwide
sample encompassing various higher education tracks in an open-access system. This
approach offers a deeper understanding on how students transition into higher education. The
findings emphasize the importance for study counselors of personalized support strategies
tailored to each profile’s specific needs. For instance, students who show a broad or limited
range of interests, like the Broadly Interested Cognitives or Low Interested Low Cognitives,
may need additional guidance in exploring their academic options. Students with high
cognitive abilities, such as the Broadly Interested Cognitives and Realistic High Cognitives,
are likely to be better equipped for the self-regulation challenges of higher education. Since
self-regulation can compensate for cognitive skills, as seen in profiles like Socially Skilled
Self-Regulators, and these abilities are adaptable through intervention, it is vital to focus on
their development during the transition period. Programs designed to enhance motivation
(e.g., Lazowski & Hulleman, 2016) or improve learning strategies (e.g., Pandey et al., 2018)
have proven effective, and students with weaker self-regulation skills may benefit from

external guidance in the early stages of higher education.
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Dropout

Many students entering higher education fail to complete their degrees, with dropout
rates ranging from 6% to 20% in OECD countries, leading to personal and economic
consequences (OECD, 2022). Bean and Eaton’s (2000) theoretical framework emphasizes the
importance of non-cognitive factors in study success, alongside cognitive abilities (Robbins et
al., 2004). We combined both cognitive and non-cognitive factors to predict first-year dropout
and identify at-risk students based on a large-scale dataset.

The results showed that person-environment (PE) fit and time management were the
strongest predictors of overall dropout, with students who had a good PE fit with their study
program and those who managed their time well, being less likely to drop out (Tracey et al.,
2012; Goldfinch & Hughes, 2007). Motivational factors, such as academic attitude, further
predict persistence, as students who value their studies are more likely to continue (Mikinen
et al., 2004). Additionally, mathematical ability and the amount of mathematics instruction
received in secondary education also lower dropout risk (Aulck et al., 2016; Fonteyne et al.,
2015; Fonteyne et al., 2017; Schelfhout et al., 2022). Socio-economic status (SES) was found
to play a role, with lower SES students being more prone to dropout, although possessing
certain non-cognitive traits can mitigate this disadvantage (Damian et al., 2015; Miiller &
Schneider, 2013).

This study focused on pre-enrolment factors to predict dropout without relying on
post-enrolment academic performance. Despite this, the model explained 17.3% of dropout
variance, a notable achievement compared to studies that include academic performance (e.g.,
Aina et al., 2022; Pascarella & Terenzini, 2005; Allen et al., 2008). The results highlight the
importance of considering multiple cognitive, non-cognitive, and demographic factors
together, as each contributes differently to predicting dropout risk (Behr et al., 2020). While

the study aligned with existing literature, only six out of the 14 predictors examined reached
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statistical significance. It also noted that dropout determinants can vary across educational
contexts and datasets.

Overall, we account for a similar proportion of variance across both educational
tracks, explaining 23% for the academic track and 21% for the professional track. However,
notable differences emerge in the significance of predictors and the effect sizes between the
two types of tracks. Mathematical skills are a common, though modest, predictor of dropout
risk in both educational tracks. Unlike academic-to-professional transitions, dropping out
entirely seems more tied to personal circumstances than cognitive abilities. Time management
skills are a key predictor for both tracks. Non-cognitive factors play a larger role for
professional degree students, especially PE fit and time management. Language proficiency
has a small effect on dropout risk in professional programs. SES was a significant predictor
for academic degree students, with lower SES associated with higher dropout risk, but this
was not the case for professional degree students, aligning with previous research that found
SES has less direct influence in university colleges (Miiller & Schneider, 2013).

Non-cognitive factors, as highlighted by Bean and Eaton (2000), are critical in
understanding dropout risk, and their inclusion in study orientation processes helps students
make better study choices and potentially reduces dropout rates (Farruggia et al., 2018;
Kalsbeek et al., 2013). Secondary schools also play a role in preparing students for higher
education by enhancing non-cognitive skills like self-regulation and motivation, which can
improve the transition and long-term outcomes. In higher education, at-risk groups identified
by weaker attitudes toward education could benefit from targeted (online) support programs
tailored to their cognitive and non-cognitive needs (Dent & Koenka, 2016). However,
interventions must be sensitive to social inequalities and carefully implemented to avoid

stigmatization or negative impacts on student motivation and privacy.
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Chapter 4 highlights the importance of pre-enrolment factors, such as cognitive and
non-cognitive characteristics, in predicting dropout risk. Early identification of at-risk
students through these factors can inform study counseling interventions, offering tailored
support to improve retention. While further research could explore additional variables like
personal circumstances, this study provides valuable insights into how dropout risk can be
mitigated through proactive interventions based on pre-enrolment assessments.
Reorientation

Approximately a third of students change programs within the first three years, leading
them to not complete their initial degree (NCES, 2017; OECD, 2019a). Previous research
often examined reorientation in connection with dropout, focusing on specific student groups
or within closed-access systems. Reorientation occurs when a student switches study
programs. Unlike dropout, these students remain in higher education with the goal of
completing their degree (Larsen et al., 2013). This study investigates the relationship between
person-environment (PE) fit and reorientation. The first aim was to determine whether PE fit
differs between students who reorient and those who do not, and the second aim was to
examine how PE fit predicts reorientation. The study also explored how PE fit influences the
correspondence between students' pre- and post-reorientation programs and whether study
efficiency and PE fit improve after late reorientation.

This study aligns with previous research showing that person-environment (PE) fit
tends to be lower for students who change their study programs (Meyer et al., 2022). Small
effects were found for both early (during the first year) and late (after the first year)
reorientation. Students with a good PE fit are more likely to remain in their original program,
supporting literature that suggests a positive PE fit is linked to better academic performance

and persistence in higher education (Rounds & Su, 2014; Schelfhout et al., 2019).
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Regarding the second research question, lower PE fit increased the likelihood of early
reorientation, although the effect was small, explaining 2% of the variance after accounting
for cognitive ability. For late reorientation, PE fit explained just 1% of the variance, with
study efficiency playing a much larger role, explaining 52%. This underscores that academic
success is a key factor in reorientation. However, when students switch programs within the
same study level, PE fit remains significant, even compared to study efficiency. While PE fit
is crucial for initial study choice and persistence (Allen & Robbins, 2008; Nye et al., 2018;
Stoll et al., 2017), reorientation may be driven by a different interest approach. According to
Social Cognitive Career Theory (Brown & Lent, 2013; Lent et al., 1994; Lent & Brown,
2019), students’ experiences and performance feedback can shape their interests. If students
feel misaligned with their chosen program based on interests or skill levels, they may
reconsider and eventually change both their study path and even their vocational interests.

The degree of correspondence between study programs before and after reorientation
tends to be lower for students who had a poor PE fit with their initially chosen program. PE fit
accounts for 13% of the variation in program correspondence in early reorientation and 6% in
late reorientation. While PE fit has a modest influence on predicting reorientation, it appears
more relevant in determining the direction of the switch. It is unclear whether reorientation is
driven by a mismatch in competence, interest, or aversion to the original program.
Interestingly, after late reorientation, study efficiency significantly improves, but PE fit
decreases, which contradicts research suggesting that fit improves over time (Hanna et al.,
2021). About a third of the students transitioned to a lower-level program (from ISCED7 to
ISCED®), potentially aligning better with their academic abilities and impacting their
motivation (Wigfield & Eccles, 2002). This shift also results in a notable increase in study

efficiency.
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The decline in PE fit after reorientation is unexpected, as students would presumably
choose a better-fitting program after an initial mismatch. One explanation may be that
students who reorient may have made an appropriate choice based on their interests but are
forced to adjust due to poor academic performance (e.g., switching from ISCED 7
(psychology) to ISCED 6 (applied psychology)). Although they remain within the same study
domain, they shift to a different cognitive level, which could explain the decline in PE fit. The
interest profiles may differ slightly due to the distinct approaches across ISCED levels.
Additionally, while PE fit is generally considered stable, research suggests that interests can
shift before changes in educational or occupational contexts, especially during transitional
phases like moving from secondary to higher education (Hanna et al., 2021; Nye et al., 2021;
Stoll et al., 2021). These changes could explain the drop in PE fit observed in our study.
SCCT suggests that if interests remain stable, the drop in fit reflects an actual decline in
interest alignment from the first to the second year. However, if interests change in response
to new experiences, further research is needed to explore whether students' interests evolve
after entering higher education and influence reorientation decisions.

Chapter 5 highlights that a mismatch in interest fit increases the likelihood of students
reorienting to a different program. Therefore, it is important to assess PE fit thoroughly before
students make their initial study choice helping them explore their interests more deeply and
make a well-informed decision to have a good interest match. The findings suggest that after
reorientation, PE fit tends to worsen, which could be a result of students moving away from
their original program out of dissatisfaction or a change in their interests. It is essential to
monitor vocational interests throughout the study journey, especially during reorientation.
Study orientation should thus be considered a continuous process, not only for the initial

choice but also for reorientation.
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Shortage Occupations

There is a noticeable shortage across a wide range of professions, encompassing both
high- and low-skill jobs, especially in construction, healthcare, and STEM fields, including
ICT, engineering, and mathematics (McGrath, 2021). This shortage is expected to persist due
to factors like an aging workforce and the shift towards eco-friendly practices and digital
transformation. While previous studies have mainly focused on economic factors and skill
mismatches (OECD, 2019b; McGrath, 2021), the role of vocational interests at the
occupational level has been largely overlooked. This is surprising, given that organizational
psychology highlights vocational interests as key drivers of job selection (Hoff et al., 2020).
This study addressed this gap by investigating the relationship between shortage occupations
and vocational interests.

Factors contributing to shortage occupations include demographic changes,
mismatches in education and training, technological progress, globalization, financial
constraints, and working conditions (McGrath, 2021). Although these elements are influential,
this study reveals that vocational interests alone explain 26% of the variability in shortage
occupations. We found that these occupations tend to have higher levels of realistic and
conventional interests, and lower levels of artistic interests, as seen in roles like construction
managers, truck drivers, and ICT specialists.

After controlling for education level, profile consistency, and differentiation, realistic
and conventional interests remained key predictors. Profile differentiation added further
predictive power, while consistency was marginally significant. Thus, jobs characterized by
realistic and conventional dimensions and more consistent and differentiated jobs, show more
shortages.

Our findings align with Hoff’s (2018) research, which suggests that individuals with

lower conventional interests seek out less conventional work environments, contributing to
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shortages in conventional roles. Although conventional jobs account for over 20% of U.S. job
openings, Hoff et al. (2021) noted that fewer than 1% of participants aspired to such careers.
Additionally, realistic occupations, which focus on hands-on tasks, are harder to fill due to the
growing emphasis on higher education (UNESCO, 2022), leading to fewer individuals
pursuing these jobs.

Magnitude of labor shortages are influenced by the Investigative and Social interest
dimensions, with medium to large effects. Careers closely tied to these interests, such as those
in STEM fields (e.g., IT) and social services (e.g., healthcare, education), are at higher risk of
workforce deficits. These findings highlight the need to understand and cultivate interest in
these particular occupations to help reduce future shortages. Vocational interests explained
respectively 13% and 21% of the variance in tension indicator and the magnitude of the
shortage, while education level added an additional 2%, and occupational profile
characteristics further contributed between 1 and 2%. Even after considering education level
and profile characteristics, the Investigative and Social interest dimensions continued to
predict labor shortages with small to medium effects. This finding confirms that vocational
interests at the occupational level are a key factor driving labor market shortages.

In examining the potential mismatch between interest demand and supply, our analysis
compared the interest distribution of over 13,456 students in Flanders with labor market
requirements. The findings reveal that the majority of students have a preference for people-
oriented RIASEC dimensions, while only one-third are inclined toward things-oriented
dimensions. However, the labor market shows the opposite trend, with over two-thirds of the
demand being for things-oriented skills, particularly in shortage occupations. These
discrepancies highlight a significant misalignment between the interests of prospective

students and the needs of the labor market, warranting further investigation and strategic
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action. These findings are in line with previous research (DeCeanne et al., 2017; Hoff et al.,
2024).

Chapter 6 highlights the importance of assessing RIASEC vocational interests at both
individual and occupational levels, given their impact on labor market shortages. A mismatch
exists between the interests of the population and the demands of the labor market, which are
often characterized by realistic and conventional interest profiles and less artistic interests.
This discrepancy suggests a need for targeted effective career interventions that promote
interest in realistic and conventional careers (Harackiewicz et al., 2016).

For example, career development programs like Mapping Vocational Challenges
(MVC) have shown promise in increasing interest in non-traditional career options (Turner &
Lapan, 2005). Structural shifts in the labor market further underline the need for interventions
that align young people’s career aspirations with the demands of the labor market, e.g. in
STEM fields. Policymakers and educators should focus on igniting interest in high-demand
job sectors and to better align labor market needs with human capital and education.

In conclusion, while vocational interests are a key factor in labor shortages, they
should be integrated with other variables to create effective workforce strategies.

Chapter 6 underscores the evolving role of Columbus as a multidimensional tool that
bridges individual aspirations with societal needs. While earlier chapters examine the
cognitive, non-cognitive, and interest-based foundations of study paths, Chapter 6 applies
these insights to labor market outcomes, demonstrating how vocational interests can inform
strategies to address skill mismatches and labor shortages. This integration reflects the
dissertation's commitment to aligning higher education trajectories with lifelong learning
principles, ensuring that educational choices are both personally fulfilling and societally
relevant. Through this approach, the dissertation not only refines Columbus as a study

orientation tool but also broadens its utility to encompass career orientation and societal
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impact. By doing so, it contributes to a more integrated understanding of how study
orientation tools can support students in navigating their academic and professional paths in a
rapidly changing world.

Future Research

This dissertation utilized data from the open-access higher education system in
Flanders. This context is particularly interesting for exploration due to the largely open access
nature, which leads to greater heterogeneity in student samples. The assessment and feedback
tool Columbus operates within an almost entirely open-access environment, with limited
exceptions in fields like (veterinary) medicine, dentistry, and arts. As a result, students'
program choices are minimally constrained by external factors, allowing individual
preferences and abilities to play a more important role. Although efforts were made to include
a range of institutions and study programs, the extent to which these findings can be
generalized to more restricted-access systems remains uncertain. Therefore, a comparison
with other open-access and closed-access higher education systems, using similar
methodologies, is encouraged to identify potential differences in educational outcomes across
varying contexts.

Although the samples in this study are representative of the student population using
the Columbus tool, which reaches approximately one third of all first-year students in
Flanders, there is potential for further refinement. Future research could adopt a more fine-
grained approach by focusing on specific fields of study within secondary and higher
education. Such an approach would provide deeper insights into the distinct needs of different
student groups, enabling more personalized feedback tailored to their individual academic
contexts and study paths.

We assess both cognitive and non-cognitive skills in the final year of secondary

education. Upon transitioning to higher education, Columbus data is combined with details
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about students' degree programs (such as institution, field of study, and type of education) and
academic outcomes (e.g., study progress and dropout rates) for each year of enrollment. This
integration allows for the exploration of unique longitudinal relationships. Additionally, the
administrative database of the Flemish Department of Education and Training provides
relevant secondary education data, including variables such as gender, socioeconomic status
(SES), and educational track. Despite the extensive and longitudinal nature of this data, there
are areas where future research could benefit from additional information. For instance,
Chapters 4 and 5, which focus on dropout and reorientation, could gain valuable insights by
including study progress data from the first semester. It is important to capture study
outcomes at this early stage, as currently, only study progress after the first year is available.
In Chapter 5, a decline in PE interest fit was observed after reorientation. Although PE fit is
generally considered stable, research has shown that interests may shift prior to changes in
educational or occupational contexts, particularly during transitional phases like the move
from secondary to higher education (Hanna et al., 2021; Nye et al., 2021; Stoll et al., 2021).
Further research is needed to examine whether students' interests continue to evolve after
entering higher education and how this may affect their reorientation decisions.

This dissertation relied solely on quantitative data, which allowed for the analysis of
large student samples and produced results that are both generalizable and replicable.
Nevertheless, future research could enhance this approach by incorporating a qualitative
dimension, such as through focus groups, to gain a richer understanding of students'
experiences during their higher education enrollment, particularly regarding dropout and
reorientation.

Future research could further investigate the effectiveness of Columbus as an
exploration tool by examining the factors that shape student engagement with its feedback and

its role in supporting the study choice process.
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Implications for Practice

Based on our findings in Chapter 3, which suggest that self-regulation skills can offset
limitations in cognitive abilities and are amenable to improvement through targeted
intervention, it becomes essential to prioritize the development of these skills during the
transition from secondary to higher education. Non-cognitive skills such as motivation, effort
regulation, academic self-efficacy, PE interest fit and time management skills are critical, not
only for academic performance but also for reducing dropout risk (as discussed in Chapter 4)
and facilitating successful reorientation (as shown in Chapter 5). By incorporating non-
cognitive skills training, educational programs can better support students in navigating
challenges that arise during their academic journey, ultimately promoting more sustainable
study paths and improving retention rates. These findings underscore the need for structured
interventions that foster these essential skills and target specific student groups, particularly at
pivotal transition points.

The Columbus tool offers a valuable contribution, not only in terms of its primary
goal—enhancing study orientation for prospective students—but also as a powerful
longitudinal research instrument. While its main purpose is to improve decision-making
during the transition to higher education, an important by-product is its capacity to provide
researchers with large-scale, longitudinal data on various phenomena related to higher
education and its transitional phases. This makes Columbus an indispensable tool for
educational psychology and related fields, enabling the study of critical aspects of student
development, success, and reorientation. This dissertation serves as a prime example of how
such extensive datasets can yield insights into the complex dynamics of study choice,

academic achievement, and career orientation.
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Implications for Policy

This dissertation offers valuable insights into the cognitive and non-cognitive aspects
of individuals who choose to pursue higher education. We aim to provide educators and
policymakers with empirical evidence to make well-informed decisions regarding higher
education pathways in the current educational context. By exploring these profiles, we seek to
contribute to the broader discussion on study orientation and reorientation, particularly within
Flemish higher education. Our findings are essential for shaping policies that support students
in aligning their academic choices with their competencies, interests, and aspirations. For
example, starting in the 2023-2024 academic year, the Flemish government has mandated that
students must pass all first-year courses by the end of their second year in order to progress to
the third year (Flemish Government, 2022). This policy is intended to allow for timely
interventions and reorientation where necessary. Such policy decisions could be further
supported with evidence-based approaches, such as regionwide data collection efforts like
those conducted by the Columbus project.

Recently, validated, standardized, and norm-referenced Flemish tests (Vlaamse
toetsen) were introduced by the Flemish government to enhance the quality of education by
assessing whether students achieve the final attainment levels of Dutch language and
mathematics, as well as tracking learning progress at both student and school levels (Flemish
Government, 2019; Weyts, 2019). The final year of secondary education will be tested in the
2026-2027 school year (Education & Training Flanders, 2024). In addition to the Flemish
tests, optional and mandatory positioning tests have been introduced for most higher
education programs (Positioning tests, 2024). While these tests assess students’ readiness for
specific fields of study, they are non-binding, ensuring that access to higher education remains
open. However, it is essential to coordinate these various assessments to prevent

overburdening students and schools. A critical consideration for the future integration of these
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tests, is the existence of a unified platform like LeerID which offers an opportunity to
streamline feedback and provide students with comprehensive insights in one place
(Education & Training Flanders, 2022). LeerID not only improves access to digital learning
resources and reduces administrative burdens but could also provide a secure, longitudinal
system to facilitate the study choice process. Since the Columbus tool also focuses on students
in their final year of secondary education, it is crucial to avoid overwhelming both students
and schools with excessive testing. While the knowledge-based Flemish tests assess Dutch
language and mathematics, Columbus evaluates a broader range of skills, including cognition,
students' study choices, self-beliefs, learning strategies, and interests. In the future, the data
from the Flemish tests, Columbus, and positioning tests could offer valuable complementary
insights to guide students in making informed decisions during their educational transitions.

The unique value of the Columbus tool lies in its focus on the student as a whole,
rather than just their cognitive abilities. Unlike positioning tests or entrance exams that
primarily measure cognitive skills, Columbus emphasizes personal reflection and study choice
exploration. For students in the final years of secondary education, this broader, more holistic
approach remains highly beneficial. Schools can actively support students in exploring their
interests, competencies, and study preferences, guided by scientifically validated tests and
feedback provided through Columbus. This process of reflection is crucial as it helps students
make informed decisions about their future, beyond the purely academic perspective offered
by cognitive tests.

Although Columbus is already well-integrated into many schools, there is potential for
further structural improvement. By expanding the data collected from a larger, more diverse
student population, we can enhance the precision of the feedback provided. This will not only
improve individual outcomes but also generate insights that can inform broader educational

policies. Evidence-based approaches can guide practical applications, such as adapting the
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tool to provide personalized guidance for students considering associate’s degree programs
which are vocationally oriented programs located between secondary education and
professional bachelor’s programs, vocational tracks or even entering the labor market. This
would allow the tool to offer comprehensive support to a broader range of future students,
helping align their interests and skills with potential job opportunities.

However, the education system does not adequately prepare students for the labor
market (Young Talent in Action VBO, 2024). Focusing on interest orientation has critical
implications for both practice and policy, particularly in light of the growing list of shortage
occupations (see Chapter 6). While it is not the intention to steer young people into specific
career paths, it is essential to allow them full freedom of choice. It is vital that students are
given the opportunity to thoroughly explore their interests and are challenged across all
interest dimensions during education. This underscores the importance of effective study
orientation and interest exploration before embarking on higher education. By promoting such
exploration, educators can help align students' talents and aspirations with high-demand
fields, without limiting their freedom of choice. In doing so, we can better address the
growing mismatch between labor market needs and vocational interests, contributing to a
more balanced and responsive workforce.

Conclusion

In sum, this dissertation offers valuable insights into the navigation of study paths in
higher education in the context of the Columbus tool. By focusing on multiple dimensions of
study orientation, the research contributes to both the optimization of Columbus and a broader
understanding of academic study and career paths. First, the validation of the non-verbal fluid
intelligence test, Rules, provides evidence for its practical application in large-scale study
exploration and low-stakes testing. Second, the research advances our understanding of (non-

)cognitive student profiles and their relationship with student characteristics and study
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outcomes. The demonstrated compensatory potential of self-regulation skills emphasizes their
critical role in promoting academic success. Third, dropout prediction highlights the
importance of specific cognitive and non-cognitive attributes, such as mathematical ability,
academic attitudes, time management, and PE interest fit. These factors are crucial in
reducing dropout risks among first-year students in both academic and professional bachelors
programs. Fourth, this dissertation underscores the significance of vocational interest fit in
reorientation decisions and subsequent study efficiency. While reorientation tends to improve
academic performance, it does not always result in a better interest fit. Fifth, we investigated
the predictive value of occupation-level vocational interest profiles in labor market shortages,
with certain interest types (realistic, artistic, and conventional) playing an important role in
identifying shortage occupations. Overall, the findings of this dissertation offer practical
insights for educational policy, counseling, and future research, positioning Columbus as an
important pillar for improving study and career paths and addressing key challenges in higher

education.
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Table 1

Differential Item Functioning Statistics for Sex

APPENDIX 2B

Mantel-Haenszel Chi-square P-value alphaMH deltaMH Effect
statistic size
Excll 8.05" 0.00 1.21 -0.46 A
Excl2 14.197 0.00 0.84 0.41 A
Excl3 32.30™ 0.00 1.19 -0.41 A
Excl4 6.49" 0.01 0.93 0.18 A
Excl5 1.33 0.25 0.96 0.09 A
Excl6 30477 0.00 0.86 0.35 A
Excl7 19.60™" 0.00 0.89 0.28 A
Excl8 0.13 0.71 0.99 0.02 A
Excl9 9.32" 0.00 1.09 -0.20 A
Excll0  0.10 0.76 0.99 0.02 A
Exclll  132.69™° 0.00 1.43 -0.84 A
Excll2  87.137 0.00 0.64 1.04 B
Excll3  7.09" 0.01 1.08 -0.17 A
Excll4 0.16 0.68 0.99 0.03 A
Dedl 4.76" 0.03 1.10 -0.22 A
Ded2 0.01 0.93 1.01 -0.01 A
Ded3 0.08 0.78 0.99 0.02 A
Ded4 2.53 0.11 1.05 -0.12 A
Ded5 74.29"" 0.00 0.76 0.64 A
Ded6 22477 0.00 1.15 -0.33 A
Ded7 11.99™ 0.00 0.89 0.28 A
Ded8 9.28" 0.00 0.90 0.25 A
Ded9 10.32" 0.00 1.09 -0.20 A
Dedl0  37.59™ 0.00 1.18 -0.40 A
Dedll 7497 0.00 0.73 0.74 A
Dedl2  33.647 0.00 0.77 0.61 A
Ded13  11.127 0.00 1.09 -0.21 A
Dedl4  6.53° 0.01 1.07 -0.17 A

Note. The absolute value of deltaMH serves as an effect size indicator for DIF, with classification following the
ETS criteria: a negligible effect when ]AMH| < 1 (Class A), a moderate effect when 1 <|AMH]| < 1.5 (Class B),
and a large effect when |AMH| > 1.5 (Class C) (Magis et al., 2020). ™ p <.0001, ™ p < 0.001, * p < 0.05.
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Figure 1

Exclusion Differential Item Functioning Statistics for Sex
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Table 2

Differential Item Functioning Statistics for SES

APPENDIX 2B

Mantel-Haenszel Chi-square P-value alphaMH deltaMH Effect
statistic size
Excll 042 0.52 0.96 0.10 A
Excl2  7.97" 0.00 1.14 -0.30 A
Excl3  0.21 0.65 0.99 0.03 A
Excl4  0.89 0.35 0.97 0.06 A
Excl5  0.00 0.95 1.00 -0.01 A
Excl6  1.39 0.24 1.03 -0.07 A
Excl7  4.26° 0.04 1.06 -0.13 A
Excl8  0.21 0.65 0.99 0.03 A
Excl9  3.25 0.07 1.05 -0.12 A
Excll0 11.72%* 0.00 0.92 0.20 A
Exclll 0.04 0.84 1.01 -0.02 A
Excll2 0.91 0.34 0.96 0.11 A
Excll3 5.39° 0.02 0.94 0.15 A
Excll4 3.00 0.08 1.05 -0.12 A
Ded1 0.66 0.42 1.04 -0.08 A
Ded2 13.87" 0.00 1.17 -0.37 A
Ded3 1.05 0.30 1.04 -0.08 A
Ded4 0.68 0.41 1.03 -0.06 A
Ded5 2.30 0.13 0.95 0.11 A
Ded6 1.68 0.20 1.04 -0.09 A
Ded7 0.82 0.37 0.97 0.07 A
Ded8 0.04 0.84 1.01 -0.02 A
Ded9 0.00 0.95 1.00 0.00 A
Dedl0  4.50° 0.03 0.94 0.14 A
Dedll 2.84 0.09 0.94 0.14 A
Ded12  0.03 0.87 0.99 0.02 A
Ded13  0.12 0.73 0.99 0.02 A
Dedl14 0.01 0.92 1.00 -0.00 A

Note. The absolute value of deltaMH serves as an effect size indicator for DIF, with classification following the
ETS criteria: a negligible effect when ]AMH| < 1 (Class A), a moderate effect when 1 <|AMH]| < 1.5 (Class B),
and a large effect when |AMH| > 1.5 (Class C) (Magis et al., 2020). ™ p <.0001, ™ p < 0.001, * p < 0.05.
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Figure 3

Exclusion Differential Item Functioning Statistics for SES

Exclusion: DIF SES
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Table 3

Factor Loadings MIRT Correlated Variables

F1 F2 h2
Excll  0.597 0 0.356
Excl2  0.631 0 0.399
Excl3  0.460 0 0.212
Excl4  0.525 0 0.276
Excl5  0.621 0 0.386
Excl6  0.493 0 0.243
Excl7  0.515 0 0.265
Excl8  0.581 0 0.338
Excl9  0.698 0 0.487
Excll0 0.543 0 0.295
Exclll 0.947 0 0.897
Excll2 0.524 0 0.275
Excl13 0.534 0 0.285
Excll4 0.691 0 0.477
Ded1 0 0.622 0.387
Ded2 0 0.635 0.403
Ded3 0 0.631 0.398
Ded4 0 0.732 0.536
Ded5 0 0.572 0.328
Ded6 0 0.544 0.296
Ded7 0 0.754 0.568
Ded8 0 0.577 0.333

APPENDIX 2B
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Ded9

Ded10

Dedl11

Ded12

Ded13

Ded14

0.551

0.646

0.443

0.619

0.715

0.742

0.304

0.417

0.196

0.383

0.511

0.550

Note. Correlation between F1 and F2 is » = .886.

Table 4

Factor Loadings MIRT Second Order Model

g S1 S2 h2
Excll 0498  0.178 0 0.279
Excl2 0520  0.186 0 0.305
Excl3 0401  0.144 0 0.182
Excld 0449  0.161 0 0.228
Excls 0513 0.184 0 0.297
Excl6 0426  0.153 0 0.205
Excl7 0441  0.158 0 0.220
Excl8 0487  0.175 0 0.268
Excl9 0560 0201 0 0.354
Excll0 0461  0.165 0 0.240
Exclll 0.688 0246 0 0.533
Excll2 0448  0.161 0 0.227
Excll3 0455  0.163 0 0.233
Excll4 0.556  0.199 0 0.349
Dedl 0513 0 0.187  0.298
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Ded2

Ded3

Ded4

Ded5

Ded6

Ded7

Ded8

Ded9

Ded10

Dedl11

Ded12

Ded13

Ded14

0.522

0.519

0.579

0.481

0.461

0.591

0.484

0.466

0.528

0.388

0.511

0.569

0.585

0.190

0.190

0.211

0.176

0.168

0.216

0.177

0.170

0.193

0.142

0.187

0.208

0.213

0.308

0.305

0.380

0.262

0.241

0.396

0.265

0.246

0.316

0.171

0.296

0.367

0.387

APPENDIX 2B
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Table 1
Logistic Regression Model after Backward Selection -Parameter Estimates, Odds Ratios,
Effect Sizes and Model Evaluation — Predicting Dropout in the First Year of Higher

Education with Study Progress Rate

Predictor M SD b SE  OR  Logit(d)
Intercept 3.91™ .67 50.03
SES 0.72  0.98 -0.08 09 093
Cognitive factors
HMISE 346  1.38 -0.02 .08 0.98
Mathematics 17.60 7.01  -0.06™" .02 0.95 -0.03
Study progress rate 0.44 041 -6.35"" 31 0.002 -3.50
Non-cognitive factors
PE fit 0.56  0.35 0.12 25 1.13
Attitude 3.58  0.54 -0.07 .18 0.93
Time management 294  0.65 -0.05 A5 0.95
Model evaluation
Chi-square 1118
AIC 924.72
Nagelkerke R’ 71

Note. OR = odds ratio, HMISE = hours of mathematics instruction in SE, AIC = Akaike

information criterion. ™ p <.001.
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Table 1

APPENDIX 6

Beta Coefficients of Hierarchical Multivariate Analysis of Covariance

Shortage measure

Model

RZ

RIASEC Tension indicator

Magnitude of shortage

RIASEC + Tension indicator

education level

Magnitude of shortage

RIASEC + Tension indicator
education level +
consistency +

differentiation

497+0.17xR-0.76 x I-0.04 x A —
0.13xS-033xE+0.24xC
0.30+0.0l xR-001xI+0.0lxA-
0.02xS+0xE-0.01xC
541-0.12xR-0.60x1-0.09x A—
0.19xS-0.27xE+0.20x C+0.80 x
[education level = 1]+ 1.53 x
[education level = 2] + 0 x [education
level = 3]
031+0.0lxR-0xI+0xA—-0.02x
S+0xE-0.01 xC-0.04x [education
level = 1]+ 0.03 x [education level = 2]
+ 0 x [education level = 3]

1048 -0.25xR-0.83x1-033xA—-
0.33xS-050xE+0.04xC+0.87x
[education level = 1]+ 1.66 x
[education level = 2] + 0 x [education
level = 3] — 1.53 x [consistency = 1] +
1.35 x [consistency = 2] + 0 x
[consistency = 3] — 1.05 x

differentiation

0.13

0.21

0.15

0.22

0.16
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Magnitude of shortage 0.05+0.02xR+0xI+0.0l xA-
0.02xS+0.0lxE-0xC-0.04x
[education level = 1]+ 0.02 x
[education level = 2] + 0 x [education
level = 3]+ 0.02 x [consistency = 1] +
0 x [consistency = 2] + 0 x [consistency

= 3] + 0.06 x differentiation
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0.24
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Data Storage Fact Sheet - Chapter 2
Doctoral dissertation: Hit the road: navigating study paths in higher education — Chapter 2
Author: Sofie Van Cauwenberghe

Date: October 2, 2024

1. Contact details

la. Main researcher

- name: Sofie Van Cauwenberghe
- address: Henri Dunantlaan 2, 9000 Gent

- e-mail: sofie.vancauwenberghe@ugent.be

1b. Responsible Staff Member (ZAP)

- name: Nicolas Dirix
- address: Henri Dunantlaan 2, 9000 Gent

- e-mail: nicolas.dirix@ugent.be

If a response is not received when using the above contact details, please send an email to

data.pp@ugent.be or contact Data Management, Faculty of Psychology and Educational

Sciences, Henri Dunantlaan 2, 9000 Ghent, Belgium.

2. Information about the datasets to which this sheet applies
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* Reference of the publication in which the datasets are reported:

Sofie Van Cauwenberghe, Stijn Schelfhout, Elisabeth Roels, Jordi Heeren, Lieve De Wachter,

Wouter Duyck, Nicolas Dirix: Validating RULES: a Non-Verbal Free Fluid Intelligence Test

Submitted to Intelligence, October 2024

* Which datasets in that publication does this sheet apply to?:

All data reported in Chapter 2

3. Information about the files that have been stored

3a. Raw data

* Have the raw data been stored by the main researcher? [x] YES /[ ]| NO

If NO, please justify:

* On which platform are the raw data stored?
- [x] researcher PC
- [x] research group file server

- [x] other (specify): external data drive: Sharepoint of Columbus, Flemish Government

* Who has direct access to the raw data (i.e., without intervention of another person)?
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- [x] main researcher

- [x] responsible ZAP

- [ ] all members of the research group
- [ ] all members of UGent

- [x] other (specify): members of Columbus research team

3b. Other files

* Which other files have been stored?

- [ ] file(s) describing the transition from raw data to reported results. Specify: ...

- [x] file(s) containing processed data. Specify: SPSS files, Excel files

- [ ] file(s) containing analyses. Specify: ...

- [ ] files(s) containing information about informed consent

- [ ] a file specifying legal and ethical provisions

- [ ] file(s) that describe the content of the stored files and how this content should be
interpreted. Specify: ...

- [ ] other files. Specify: ...

* On which platform are these other files stored?
- [x] individual PC
- [x] research group file server

- [x] other: external data drive
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* Who has direct access to these other files (i.e., without intervention of another person)?
- [x] main researcher
- [x] responsible ZAP
- [ ] all members of the research group
- [ ] all members of UGent

- [ ] other (specify): ...

4. Reproduction

* Have the results been reproduced independently?: [ ] YES / [x] NO

* If yes, by whom (add if multiple):
- name:
- address:
- affiliation:

- e-mail;
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Data Storage Fact Sheet — Chapter 3

Doctoral dissertation: Hit the road: navigating study paths in higher education — Chapter 3

Author: Sofie Van Cauwenberghe

Date: October 2, 2024

1. Contact details

la. Main researcher

- name: Sofie Van Cauwenberghe
- address: Henri Dunantlaan 2, 9000 Gent

- e-mail: sofie.vancauwenberghe@ugent.be

1b. Responsible Staff Member (ZAP)

- name: Nicolas Dirix
- address: Henri Dunantlaan 2, 9000 Gent

- e-mail: nicolas.dirix@ugent.be

If a response is not received when using the above contact details, please send an email to
data.pp@ugent.be or contact Data Management, Faculty of Psychology and Educational

Sciences, Henri Dunantlaan 2, 9000 Ghent, Belgium.
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2. Information about the datasets to which this sheet applies

* Reference of the publication in which the datasets are reported:

Sofie Van Cauwenberghe, Stijn Schelthout, Lien Demulder, Jordi Heeren, Jonas Willems,

Lieve De Wachter, Karine Verschueren, Vincent Donche, Wouter Duyck, Nicolas Dirix:

Beyond Being Smart: Identifying Student Profiles in First-Year Higher Education

through Latent Profile Analysis of Cognitive and Non-Cognitive Skills

Submitted to Higher Education, November 2024

* Which datasets in that publication does this sheet apply to?:

All data of Chapter 3

3. Information about the files that have been stored

3a. Raw data

* Have the raw data been stored by the main researcher? [x] YES /[ ] NO

If NO, please justify:

* On which platform are the raw data stored?

- [x] researcher PC
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- [x] research group file server

- [x] other (specify): external data drive: Sharepoint of Columbus, Flemish Government

* Who has direct access to the raw data (i.e., without intervention of another person)?
- [x] main researcher
- [x] responsible ZAP
- [ ] all members of the research group
- [ ] all members of UGent

- [x] other (specify): members of Columbus research team

3b. Other files

* Which other files have been stored?

- [ ] file(s) describing the transition from raw data to reported results. Specify: ...

- [x] file(s) containing processed data. Specify: SPSS files, Excel files, Latent Gold text files

- [ ] file(s) containing analyses. Specify: ...

- [ ] files(s) containing information about informed consent

- [ ] a file specifying legal and ethical provisions

- [ ] file(s) that describe the content of the stored files and how this content should be
interpreted. Specify: ...

- [ ] other files. Specify: ...

* On which platform are these other files stored?
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- [x] individual PC
- [x] research group file server

- [x] other: external data drive

* Who has direct access to these other files (i.e., without intervention of another person)?
- [x] main researcher
- [x] responsible ZAP
- [ ] all members of the research group
- [ ] all members of UGent

- [ ] other (specify): ...

4. Reproduction

* Have the results been reproduced independently?: [ ] YES / [x] NO

* If yes, by whom (add if multiple):
- name:
- address:
- affiliation:

- e-mail;
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Data Storage Fact Sheet — Chapter 4

Doctoral dissertation: Hit the road: navigating study paths in higher education — Chapter 4

Author: Sofie Van Cauwenberghe

Date: October 2, 2024

1. Contact details

la. Main researcher

- name: Sofie Van Cauwenberghe
- address: Henri Dunantlaan 2, 9000 Gent

- e-mail: sofie.vancauwenberghe@ugent.be

1b. Responsible Staff Member (ZAP)

- name: Nicolas Dirix
- address: Henri Dunantlaan 2, 9000 Gent

- e-mail: nicolas.dirix@ugent.be

If a response is not received when using the above contact details, please send an email to
data.pp@ugent.be or contact Data Management, Faculty of Psychology and Educational

Sciences, Henri Dunantlaan 2, 9000 Ghent, Belgium.
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2. Information about the datasets to which this sheet applies

* Reference of the publication in which the datasets are reported:

Sofie Van Cauwenberghe, Stijn Schelfhout, Floor Depestele, Lien Demulder, Jordi Heeren,

Jonas Willems, Lieve De Wachter, Marlies Lacantet, Karine Verschueren, Vincent Donche,

Wouter Duyck, Nicolas Dirix: Beyond the Exit: Examining Cognitive and Non-cognitive

Influences on Higher Education Dropout

Submitted to Educational Assessment, Evaluation and Accountability, July 2024

* Which datasets in that publication does this sheet apply to?:

All data of Chapter 4

3. Information about the files that have been stored

3a. Raw data

* Have the raw data been stored by the main researcher? [x] YES /[ ] NO

If NO, please justify:

* On which platform are the raw data stored?

- [x] researcher PC
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- [x] research group file server

- [x] other (specify): external data drive: Sharepoint of Columbus, Flemish Government

* Who has direct access to the raw data (i.e., without intervention of another person)?
- [x] main researcher
- [x] responsible ZAP
- [ ] all members of the research group
- [ ] all members of UGent

- [x] other (specify): members of Columbus research team

3b. Other files

* Which other files have been stored?

- [ ] file(s) describing the transition from raw data to reported results. Specify: ...

- [x] file(s) containing processed data. Specify: SPSS files, Excel files

- [ ] file(s) containing analyses. Specify: ...

- [ ] files(s) containing information about informed consent

- [ ] a file specifying legal and ethical provisions

- [ ] file(s) that describe the content of the stored files and how this content should be
interpreted. Specify: ...

- [ ] other files. Specify: ...

* On which platform are these other files stored?
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- [x] individual PC
- [x] research group file server

- [x] other: external data drive

* Who has direct access to these other files (i.e., without intervention of another person)?
- [x] main researcher
- [x] responsible ZAP
- [ ] all members of the research group
- [ ] all members of UGent

- [ ] other (specify): ...

4. Reproduction

* Have the results been reproduced independently?: [ ] YES / [x] NO

* If yes, by whom (add if multiple):
- name:
- address:
- affiliation:

- e-mail;
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Data Storage Fact Sheet — Chapter 5

Doctoral dissertation: Hit the road: navigating study paths in higher education — Chapter 5

Author: Sofie Van Cauwenberghe

Date: October 2, 2024

1. Contact details

la. Main researcher

- name: Sofie Van Cauwenberghe
- address: Henri Dunantlaan 2, 9000 Gent

- e-mail: sofie.vancauwenberghe@ugent.be

1b. Responsible Staff Member (ZAP)

- name: Nicolas Dirix
- address: Henri Dunantlaan 2, 9000 Gent

- e-mail: nicolas.dirix@ugent.be

If a response is not received when using the above contact details, please send an email to
data.pp@ugent.be or contact Data Management, Faculty of Psychology and Educational

Sciences, Henri Dunantlaan 2, 9000 Ghent, Belgium.
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2. Information about the datasets to which this sheet applies

* Reference of the publication in which the datasets are reported:

Sofie Van Cauwenberghe, Stijn Schelthout, Wouter Duyck, Nicolas Dirix: Choosing is Not

Always Losing: the Relation between Interest Fit, Study Efficiency and Reorientation in

Higher Education

Submitted to European Journal of Psychology of Education, October 2024

* Which datasets in that publication does this sheet apply to?:

All data of Chapter 5

3. Information about the files that have been stored

3a. Raw data

* Have the raw data been stored by the main researcher? [x] YES /[ ] NO

If NO, please justify:

* On which platform are the raw data stored?
- [x] researcher PC

- [x] research group file server
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- [x] other (specify): external data drive: Sharepoint of Columbus, Flemish Government

* Who has direct access to the raw data (i.e., without intervention of another person)?
- [x] main researcher
- [x] responsible ZAP
- [ ] all members of the research group
- [ ] all members of UGent

- [x] other (specify): members of Columbus research team

3b. Other files

* Which other files have been stored?

- [ ] file(s) describing the transition from raw data to reported results. Specify: ...

- [x] file(s) containing processed data. Specify: SPSS-files, Excel files

- [ ] file(s) containing analyses. Specify: ...

- [ ] files(s) containing information about informed consent

- [ ] a file specifying legal and ethical provisions

- [ ] file(s) that describe the content of the stored files and how this content should be
interpreted. Specify: ...

- [ ] other files. Specify: ...

* On which platform are these other files stored?

- [x] individual PC
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- [x] research group file server

- [x] other: external data drive

* Who has direct access to these other files (i.e., without intervention of another person)?
- [x] main researcher
- [x] responsible ZAP
- [ ] all members of the research group
- [ ] all members of UGent

- [ ] other (specify): ...

4. Reproduction

* Have the results been reproduced independently?: [ ] YES / [x] NO

* If yes, by whom (add if multiple):
- name:
- address:
- affiliation:

- e-mail;
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Data Storage Fact Sheet — Chapter 6

Doctoral dissertation: Hit the road: navigating study paths in higher education — Chapter 6

Author: Sofie Van Cauwenberghe

Date: October 2, 2024

1. Contact details

la. Main researcher

- name: Sofie Van Cauwenberghe
- address: Henri Dunantlaan 2, 9000 Gent

- e-mail: sofie.vancauwenberghe@ugent.be

1b. Responsible Staff Member (ZAP)

- name: Nicolas Dirix
- address: Henri Dunantlaan 2, 9000 Gent

- e-mail: nicolas.dirix@ugent.be

If a response is not received when using the above contact details, please send an email to
data.pp@ugent.be or contact Data Management, Faculty of Psychology and Educational

Sciences, Henri Dunantlaan 2, 9000 Ghent, Belgium.
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2. Information about the datasets to which this sheet applies

* Reference of the publication in which the datasets are reported:

Sofie Van Cauwenberghe, Stijn Schelthout, Wouter Duyck, Filip De Fruyt, Stijn Baert, Bart

Wille, Nicolas Dirix: Where Are the Bottlenecks? Vocational Interests and Shortage

Occupations

Submitted to Journal of Organizational Bahavior, December 2024

* Which datasets in that publication does this sheet apply to?:

All data of Chapter 6

3. Information about the files that have been stored

3a. Raw data

* Have the raw data been stored by the main researcher? [x] YES /[ ] NO

If NO, please justify:

* On which platform are the raw data stored?
- [x] researcher PC

- [x] research group file server
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- [] other (specity)

* Who has direct access to the raw data (i.e., without intervention of another person)?
- [x] main researcher
- [x] responsible ZAP
- [ ] all members of the research group
- [ ] all members of UGent

- [ ] other (specify): members of Columbus research team

3b. Other files

* Which other files have been stored?

- [ ] file(s) describing the transition from raw data to reported results. Specify: ...

- [x] file(s) containing processed data. Specify: SPSS files, Excel files

- [ ] file(s) containing analyses. Specify: ...

- [ ] files(s) containing information about informed consent

- [ ] a file specifying legal and ethical provisions

- [ ] file(s) that describe the content of the stored files and how this content should be
interpreted. Specify: ...

- [ ] other files. Specify: ...

* On which platform are these other files stored?

- [x] individual PC
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- [x] research group file server

- [ ] other

* Who has direct access to these other files (i.e., without intervention of another person)?
- [x] main researcher
- [x] responsible ZAP
- [ ] all members of the research group
- [ ] all members of UGent

- [ ] other (specify): ...

4. Reproduction

* Have the results been reproduced independently?: [ ] YES / [x] NO

* If yes, by whom (add if multiple):
- name:
- address:
- affiliation:

- e-mail;



