
 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  



 

 
 

 

  



 

 
 

Constructing SIMON: a tool for evaluating personal interests and capacities to choose a 

post-secondary major that maximally suits the potential. 

DISSERTATION ABSTRACT 

Choosing a  suitable study program is an arduous process for many prospective students. 

Despite the bulk of information provided by institutions only 40% of enrolling students in 

Flanders pass all courses in the first year of higher education. Too many students fail in their 

first year because they are not óat placeô. These students are in need of valid tools that help them 

choose a study program that maximally suits their interests and potential. This dissertation is 

aimed at describing the construction and validation of such an internet-based self-assessment 

tool, SIMON (Study capacities and Interest MONitor).   

An instrument such as SIMON needs to answer the two basic questions that prospective 

students are faced with when going through their study choice process: ñwhat programs interest 

me?ò and ñwill I be able to succeed?ò. Therefore, the construction and validation of a new and 

context-specific interest tool is discussed that allows (prospective) students to answer the first 

basic question. The second question (will I be able to succeed?) is addressed by examining the 

predictive validity of a broad range of variables for tertiary academic achievement. The 

incremental predictive validity of background factors, cognitive skills and the non-cognitive 

factors of personality, self-efficacy, motivation, metacognition and test anxiety are examined 

in a large sample of students. Moreover, the differential predictive validity of these variables is 

examined across different tertiary education programs. This will allow (prospective) students 

to evaluate their capacities with reference to specific study programs. 

Still, answering these two questions is not necessarily enough to get (prospective) 

students óin the right placeô. A key matter is whether they are activated by the feedback they 

receive from such an instrument. Therefore, attention is also devoted to the consequential 



 

 
 

validity of SIMON by examining the effect of receiving negative attainability feedback on 

career goal disengagement.  

It is concluded that SIMON can help students during their study choice process. 

Directions for future research and further development of SIMON are also addressed.  
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Chapter 1: Introduction and overview 

The overall aim of this dissertation is to document the construction and validation of a 

tool that provides prospective students with the necessary information to choose a higher 

education study program that maximally suits their interests and potential.  

This introductory chapter describes the research context and more specifically the 

educational system in Flanders, the northern region of Belgium which has an autonomous 

educational system. We describe the growing awareness of the necessity to develop an 

instrument that aids potential students in their choice of higher education study program and 

allows to understand the context in which the specific components of the tool were developed. 

In doing so, we elaborate on the study choice process theory and on potential problems 

associated with this process. We describe how a tool that aids study program choice can counter 

these issues. Finally, an outline is given of the main components of the tool, of the data 

collection process and of the specific research hypotheses that are addressed in the present 

dissertation.  

The Educational System in Flanders 

In order to understand the necessity of constructing a tool that helps prospective students 

to choose a higher education study program it is important to elaborate on contextual factors. 

Especially given that the Flemish educational system is quite distinct from systems across the 

world, more specifically with regards to entrance requirements for higher education. The 

majority of countries and regions in the world apply some form of selection at the entry to 

tertiary education (McGrath et al., 2014). Whether it is through standardized aptitude tests (e.g., 

Japan, Sweden, Turkey, U.S.), centralized secondary school exit exams (e.g., Australia, France, 

Germany, Italy, U.K.) or through other entry requirements such as grade point average, 

interviews, portfolios, and application essays (McGrath et al., 2014), most regions apply some 

form of selection of higher education students. In contrast, the Flemish higher education system 
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is almost maximally unconstrained. With the exception of medical, dentistry and performing 

arts programs, there are no selection exams or admission tests. The sole requirement for 

enrollment in any other program is holding a secondary education qualification. And even 

students without qualification can be granted access. Also, this secondary education 

qualification is not obtained through any centralized or standardized examination, as is the case 

in many other open access systems. In Flanders, it is the class committee (consisting of the head 

teacher and all other teachers who teach the pupil) that decides whether or not the pupil has 

sufficiently achieved the objectives of the curriculum and thus passes or not (Flemish Ministry 

of Education and Training, 2008).  

As the necessity to develop an orientation tool is a product of the regional context, it is 

imperative to further delineate the structure of both higher and secondary education in Flanders 

and the implications of the open access policy for academic achievement.    

Secondary education structure 

Figure 1 depicts the structure of upper secondary and higher education in Flanders. 

There are four types of secondary education (SE) programs: general, arts, technical and 

vocational SE.  

General SE has an emphasis on broad general education and provides a solid foundation 

for higher education (95% of General SE students pass on to higher education; Van Daal, 

Coertjens, Delvaux, Donche, & Van Petegem, 2013). Technical SE emphasizes general and 

technical matters and prepares for a profession. Passing on to higher education is possible, but 

less frequent (69.1%; Van Daal et al., 2013). Secondary arts education combines a broad general 

education with active arts practice and also prepares for a profession or to pass on to higher 

education. Finally, vocational SE is a practice-oriented education in which young people learn 

a specific profession (Flemish Ministry of Education and Training, 2008), after which higher 

education is less likely (23.6%; Van Daal et al., 2013).  
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Fig. 1. Upper secondary and tertiary education structure in Flanders, including admission 

requirements (arrows). 

 

Although the four types of secondary education have different content and emphasis 

and differ with regards to their finality and the extent to which they prepare either for further 

education or for the job market, admission to higher education programs is independent of the 

type of secondary education qualification obtained.  

Higher Education Structure 

Flemish higher education can be described as binary (Arum, Gamoran, & Shavit, 2007). 

It consists of two main types of programs: academic and professional/vocational (see Figure 2 

for a graphical representation of the higher education structure). Academic programs are mainly 

organized by universities, whereas university colleges provide professional programs with an 

emphasis on functional skills. While the focus in the latter is more on concrete and specialized 

professional skills and direct entry into the labor market, academic programs are more 

theoretical and research-oriented, leading to a master degree. The professional programs lead 

to a bachelor degree and correspond to the Bologna first cycle programs of 180 European Credit 

Transfer and Accumulation System (ECTS) (ñThe Bologna Declaration of 19 June 1999. Joint 
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declaration of the European Ministers of Educationò, 1999). Academic programs also lead to a 

bachelor degree at first (which also consists of 180 ECTS credits), but the finality is to 

complement this degree by a master. Academic programs thus correspond to the Bologna two-

cycle programs (for a detailed description of the higher education system in Flanders, we also 

refer to Kelchtermans & Verboven, 2008). These two higher education tracks correspond to the 

distinction between tertiary-type A (or academic) and tertiary-type B (or 

professional/vocational) programs as specified in the International Standard Classification of 

Education (UNESCO, 1997).  

Although the academic track is well-represented in Flanders, the vocational track for a 

first degree is relatively more popular than in most other countries. Across countries, on average 

39% of young people will graduate from tertiary-type A first-degree programs (often called 

bachelorôs degree) and 18% from tertiary-type A second degree programs (often called masterôs 

degree) (Organisation for Economic Co-operation and Development: OECD, 2014). Compared 

to these averages, fewer people (only 18%) in Belgium attain a first degree in tertiary-type A 

education but more people (26%) will graduate from tertiary-type A second degree programs 

(masterôs degree). This is possible because the lower tertiary-type A first-degree graduation rate 

in Belgium is counterbalanced by a higher level of first-degree graduation rates from tertiary-

type B (vocationally oriented) programs (32% compared to the OECD-average of 14%). 

Belgium is one of the only countries (next to Argentina and Slovenia) in which more people 

earned their first degree from tertiary-type B programs than from tertiary-type A programs 

(OECD, 2011).  

At the end of secondary education (age 17-18), students are expected to decide on which 

study program they want to pursue. This choice entails both the study level (either academic or 

vocational track) and the study field or major (e.g., engineering, law, psychology, foreign 

languagesé). With very few exceptions, study fields can be studied either at the theoretical or 
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at the more applied level. For example, the academic Psychology program extensively studies 

the fundamental principles underlying human psychology, hereby considering different 

theoretical perspectives, as well as the development of research competencies relevant for the 

scientific field, whereas the vocationally oriented óApplied Psychologyô program focuses on 

the practical application of psychological principles. As said, students in Flanders choose a 

major when enrolling in higher education. When a student wants to change majors this usually 

requires him or her to start over and re-enroll as a freshman. This is in contrast with systems 

that allow undergraduates to take courses across several disciplines before choosing one major 

field of study in which to specialize (as is typical for instance in the U.S.).  

The academic year and evaluations. 

Once enrolled, the academic year starts at the end of September and it consists of two 

semesters. Courses usually take one semester and students are evaluated at the end of each 

semester during a first exam period (in January for the first semester and June for the second). 

Many courses, especially in the first bachelor year, are evaluated through written exams with a 

multiple choice or, less frequently, an open answer format. In about 10 to 20% of the first year 

courses, these exams are complemented with coursework and participation credits. A student 

passes the course when he or she earns a score of minimum 10 out of a maximum of 20. When 

students fail a first time there is a second examination period at the end of the same academic 

year (in August). If students do not achieve the minimum during this second examination 

chance, they fail the course.  

Academic Achievement in the First Year of Higher Education 

On average, Flemish students earn 61% of their ECTS credits in their first year of 

tertiary education. A mere 40% of students pass all courses in the first year and 17% does not 

earn one single credit (Ministerie van Onderwijs en Vorming, 2009). Only 38% of the Flemish 

students who enter a bachelorôs program graduate on time. Although this success rate does not 
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fall far below the average of 41% across OECD countries (OECD, 2016), there is room for 

improvement as failing a year of higher education carries a high cost. Parents and students not 

only need to pay the tuition fee and other study-related costs such as transport, housing, food, 

and study material but they also suffer a loss of income compared to when the student would 

have entered the labor market. The government and the higher education institution also bear a 

high financial cost. In Belgium, the 2011 public expenditure per tertiary education student was 

11,599ú (EUROSTAT, 2017) and recent OECD-data (2016) shows that a Belgian student costs 

a higher education institution15,911 USD per year.   

But there is also a high personal cost. Students who perform badly have a higher risk of 

dropping out of tertiary education which in turn has individual, economic and social 

consequences. People with lower educational attainment generally have worse health, are less 

socially engaged, have lower life satisfaction, lower employment rates and lower relative 

earnings (OECD, 2016). 

Thus, the cost of failing in higher education is high for parents, students, institutions 

and the government (Declercq & Verboven, 2010), which makes it very relevant to try to 

improve success rates. 

The Necessity to Develop a Tool 

In sum, the organization of education in Flanders guarantees a fairly unrestricted access 

to higher education. Moreover, there is a policy of high government funding and low tuition 

fees (Kelchtermans & Verboven, 2008), which are typically below ú1000/year. This system is 

assumed to guarantee socially fair access and to improve participation of economically 

disadvantaged groups in higher education, but the open entrance implies that the first year of 

university is typically a ñselection yearò. This is demonstrated by the fact that only 40% of 

students pass all courses during the first year of studying and is in line with international 
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findings: graduation rates in open admission systems are typically lower (32% on average in 

comparison to the international average of 37.13%) (McGrath et al., 2014).  

Oppedisano (2009) hypothesized that the combination of open admission policies and 

low tuition fees invites young people to experiment with academic studies. To discourage this 

trial and error choice behavior, she proposes to provide students with better information about 

their prospects for success. This recommendation is acclaimed by many others such as McGrath 

et al. (2014) and Vossensteyn et al. (2015). They posit that supplying accurate information prior 

to enrolment improves the ability to select suitable study routes. Moreover, McGrath et al. 

(2014) suggest that strengthening the pre-university orientation process can increase social 

equality in higher education. This may well be the case as it are often socially vulnerable groups 

that lack the information to make a realistic educational program choice or to enroll in tertiary 

education (Müller, 2014; OECD, 2003). 

Study choice process: choice theory 

But what type of information do prospective students require? In 1909 already, Parsons 

(as cited in Brown, 2002, p.5) set forth the three fundamental factors in making a wise 

vocational choice: (1) a clear understanding of the self (abilities, interests, ambitions); (2) a 

knowledge of the requirements of the environment (conditions of success, advantages and 

disadvantages, prospects); (3) true reasoning on the relations of these two groups of facts. 

Since then, this idea of person-environment fit (Dawis, 2004; Holland, 1985) has been 

the fundament of career choice theories such as the theory of circumscription (Gottfredson, 

1981, 1996) and career construction theory (Savickas, 2006). The underlying rationale is that 

students who make a realistic choice will perform better. Research indeed suggests that 

congruence between person and environment is related to higher levels of educational stability, 

satisfaction, performance, and persistence of higher education students (Feldman, Smart, & 

Ethington, 1999; Nye, Su, Rounds, & Drasgow, 2012).  
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As a result, career choice theorists stress that an optimal career choice process is 

conditional on the exploration of both the self and the environment. The research on the stages 

of career decision making suggests that individuals should begin with a broad exploration of 

talents and interests, continuing with the crystallization of a narrower set of specific career 

options, and culminating in concrete choices about jobs and careers (Feldman & Whitcomb, 

2005). Gati and Asher (2001, p. 142) for example, presented a 3-stage model for career 

decision-making processes which includes: (1) A prescreening of potentially relevant career 

alternatives, based on the individual's preferences, to locate a manageable set of alternatives 

that deserve further exploration; (2) In-depth exploration of the promising alternatives 

(including an examination of the possibility of actualizing them); and (3) Comparison and 

choice of the most suitable alternative.  

The quality of this study choice process is important for subsequent academic outcomes. 

Germeijs and Verschueren (2007) for example, found that higher levels of self-exploration and 

in-depth exploration of the environment at the end of secondary education were beneficial for 

academic adjustment and commitment to the study at the beginning of higher education.  

Study choice process: choice reality 

Although career theorists agree on this importance of the career-decision making 

process in general and the exploration of the self and the environment more specifically, 

findings on how prospective students actually accomplish their choice are discouraging. The 3-

stage model above describes the optimal way of making career choices but the reality of how 

people actually decide is often rather different (Pitz & Harren, 1980).  

For example, Wessel, Ryan, and Oswald (2008) found that the perceived and the 

objective fit between college students and their major bore little relation to one another (r = 

.05). They hypothesized that this results from the lack of understanding of themselves or their 

environment (or both) when choosing a college major. Consequently, students may believe their 
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interests match certain majors, but their perceptions of those majors, or their perceptions of 

themselves, differ from the actual person and environment. Similarly, Grotevant and Durrett 

(1980) established that the occupational knowledge of high school students was very limited. 

They were especially lacking accurate knowledge of the educational requirements of careers 

they wished to enter, and knowledge of the vocational interests predominantly associated with 

their occupational choices. More recently and specifically for Flanders, Van Daal et al. (2013, 

p.54) found that Flemish secondary education students, even barely three months prior to the 

start of higher education, had only spent a limited amount of time on exploring their own 

options and on their choice of study. 

Thus, it seems especially appropriate to facilitate informed decision processes in 

prospective students as these can ensure stronger retention and higher graduation rates. This 

requires valid and context-specific instruments to aid prospective students in making an 

informed choice. Unfortunately, until the start of the current project no such tools were available 

in Flanders. 

This dissertation is aimed at describing the construction and validation of an internet-

based self-assessment tool, SIMON (Study capacities and Interest MONitor), that supports an 

optimal study choice by generating honest and valid feedback on both personal attributes and 

the match with educational possibilities in Flanders.  

Components and development process of SIMON 

When providing information on the match between a person (prospective study) and the 

environment (study program), two important personal attributes have been identified as 

important: interests and competencies (skills and abilities). These attributes correspond to the 

two main questions young people ask themselves when going through the arduous process of 

selecting a suitable study program: (1) ñwhat do I want to study?ò and (2) ñwill I be able to 

succeed?ò.  



 

10 
 

The first question concerns the fit between interests and study programs. The main goal 

in the provision of information on interests-environment fit is to encourage maximal 

exploration of (relevant) study options. Previous research has demonstrated that student 

decision makers typically pick initial, intuitively derived choices, and then fail to give serious 

consideration to other options later in the process (Feldman & Whitcomb, 2005; Krieshok, 

Black, & McKay, 2009). Therefore, by giving prospective students a list of matching programs 

based on their personal interests, it is our ambition to broaden their perception of viable options.  

The second question pertains to the fit between personal skills and abilities and the study 

program environment. Feldman and Whitcomb (2005) found that the use of information on the 

match between abilities and the environment was effective in reducing the set of feasible career 

alternatives. Thus, whereas the interests component intends to broaden the choice options, the 

assessment of competencies is aimed at narrowing them down. 

The development of SIMON is centered around these two components. Following the 

particularities of the Flemish educational system (as described above), both components are 

tailored to this specific context. 

Interests 

Contents. 

The first component of this dissertation pertains to the studentsô interests and the extent 

to which these are aligned with particular study programs. Up till now, there is a lack of valid 

instruments that link studentsô interests to the available higher education programs in Flanders. 

Therefore, a first important focus is the development of a context-specific interest assessment 

tool and feedback module (the SIMON Interest inventory: SIMON-I). Because of the 

comparably high prevalence of tertiary-type B enrollment in Flanders, this context-specificity 

especially implies the incorporation of a means to discriminate between interests in the 

vocational versus interests in the academic track.  
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Conceptual framework. 

In designing SIMON-I, we used Hollandôs (1997) RIASEC interest model as taxonomic 

framework, which is the most influential model of vocational choice making (Brown, 2002, 

p.6). Central in Hollandôs theory is the assumption that both people and environments can be 

described in terms of their similarity with six different personality and environment types, i.e., 

Realistic, Investigative, Artistic, Social, Enterprising, and Conventional (for a description of 

these types, see Nye et al., 2012). The theory postulates that students choose academic 

environments compatible with their personality types and, in turn, academic environments 

reward different patterns of student abilities and interests. When applied to study program 

environments, this implies that Artistic study programs attract and are dominated by Artistic 

personality types, whereas Social study programs attract Social types. Hollandôs theory further 

assumes that satisfaction and achievement of people is a function of the congruence or fit 

between their personality type and their environment (Feldman et al., 1999). 

Following Hollandôs theory in constructing SIMON-I, it was imperative to characterize 

both person and environment in terms of RIASEC types. On the person side, this implied the 

construction of an interest inventory that allows to capture respondentsô interests in terms of 

the underlying RIASEC structure. On the environment side this required the description of all 

included study programs in terms of RIASEC dimensions, which can be done using different 

procedures. In the construction of SIMON-I, two main methods were and are being used: the 

judgment method and the incumbent method (see, Rounds, Smith, Hubert, Lewis, & Rivkin, 

1999). The judgment method relies upon the direct rating of occupations by judges or experts 

whereas the incumbent implies the use of the empirically established scores per program to 

refine the profiles generated by experts. When applying these procedures, each study program 

environment receives a RIASEC code which allows for matching between the person 

(prospective student) and the environment (study programs). 
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Data collection. 

The development process of SIMON-I started in 2012 by constructing a valid inventory 

to assess the personal interests of prospective students. As we describe in chapter 3, several 

versions of this inventory preceded the one that is now used. To adequately characterize the 

environment of study programs, we started off with an expert coding (judgement method) of 

all programs, but from the very beginning (academic year ô12-ô13) data collection was initiated 

to allow the application of more empirical methods such as the incumbent method. This 

collection encompassed the assessment of interests of successful students across all study 

programs as we describe in chapter 3. Since then, a new wave of data is collected each year and 

up till now our dataset consists of 13,535 valid responses across the 5 co-operating institutions, 

which allows us to refine the study program interest profiles.  

Competencies 

Contents. 

The second component concerns the match between the individual skills and abilities 

on the one hand and study program requirements on the other. This necessitates assessing 

relevant personal attributes and linking these to study programs. As SIMON intends to inform 

potential students on their prospects for success, the focus lies on the predictive validity for 

academic achievement. In the past, the prediction of academic success has relied heavily on 

cognitive factors. Still, during the last decades, researchers have evidenced the importance of 

non-cognitive factors as well (see e.g., Credé & Kuncel, 2008; Lipnevich & Roberts, 2012; 

Poropat, 2009; Robbins et al., 2004). Therefore, in constructing SIMON we took into account 

the predictive validity of both cognitive and non-cognitive variables. Because it is likely that 

different study programs require different (levels of) skills and abilities, we also investigate the 

importance of making program-specific predictions. Although this SIMON-Competencies part 

(SIMON-C) also bears resemblance to high-stakes selection and admission tests, it does differ 
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fundamentally. As opposed to these types of tests that often try to identify excellent students, 

SIMON intends to identify students who almost certainly lack the necessary skills to pass their 

first year of higher education. This aligns with the open access policy in Flanders. 

Consequentially, the focus is on the assessment of very basic abilities and on a high prediction 

accuracy, especially limiting false negative advice: only a small group of students should get a 

clear warning that a program is unattainable, but this prediction should be very accurate and it 

should indicate that a student almost certainly lacks the very basic skills that are necessary to 

succeed in the first year of higher education. Students who might be able to pass should get the 

benefit of doubt and should not be discouraged. Moreover, as opposed to high-stakes selection 

tests, the results of SIMON are not binding. Their primary aim is to raise awareness on the 

accordance of the individualsô competencies (and interests) with the demands of higher 

education programs. As such, it aims to support an optimal, but free, choice of study program. 

Data collection. 

The project started off in the academic year 2011-2012 when the basic mathematics test 

(described in chapter 3) was first administered in the faculty of Psychology and Educational 

Sciences of Ghent University in a sample of 502 students. At the end of this year, it became 

apparent that this basic test was predictive of academic achievement and it was decided to 

examine whether it could be expanded and transferred to other study programs. First, a thorough 

review of the literature on academic achievement was undertaken which resulted in the 

selection of a variety of factors and tests that had shown to be predictive for student success. 

An overview of the sample size and the included study programs and tests for each cohort is 

provided in Table 1. These tests were first administered during the academic year 2012-2013 

in a sample of students (N = 532) restricted to the faculty of Psychology and Educational 

Sciences. New incoming students were tested at the start of the academic year and their test 

scores were related to their end-of-year study results with the aim of validating program-



 

14 
 

specific predictive models that could be used to advise prospective students. Results of this pilot 

year were promising and from then on the project developed progressively. From the academic 

year ô13-ô14 onwards more and more faculties were engaged to gather data for SIMON-C which 

implied the inclusion of an increasing amount of study programs and respondents. In response 

to this expansion, the number of included tests was also raised to incorporate the assessment of 

more program-specific knowledge on subjects such as chemistry or physics (see Table 1).  

In 2015, the board of Ghent University decided to oblige new incoming first year 

students to fill out SIMON-C. As a result, the response rate in the  academic year ô15-ô16 raised 

to 81.2% of all incoming students (see Table 1).  

Apart from Ghent University, other institutions also collaborated in collecting data for 

SIMON. A total of 6,045 students completed SIMON-C in Artevelde University College (data 

collected from ó15-ô16 onwards), University College Ghent (from ó15-ô16 onwards), University 

College West Flanders (from ó15-ô16 onwards) and Free University Brussels (during the 

academic year ó15-ó16). Thus, the SIMON-C component now relies on a sample of 22,008 

students across all involved institutions, and data is continuously gathered and used to further 

perfect, develop and validate the instruments.  

Procedure: prediction of academic success. 

Validating the prediction of academic success requires the tracking of prospective 

students from pre-enrollment until they finish their first year of higher education. Ideally, 

studentsô skills and abilities would be assessed before enrollment and these would be related to 

academic achievement after the first year of higher education. Yet, this method poses practical, 

methodological and legal problems. For example, response rates would probably drop 

dramatically between pre-enrollment assessment and the end of the first year of higher 

education. Also, as it is legally very difficult to access study results of students in other higher 

education institutions, this would force us to work with self-reported achievement measures.
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Table 1 Overview of the data collection process for SIMON-C at Ghent University 

Academic year Components Faculties1 N  Response rate 

11-12 Basic mathematics test: chapter 3 L; PE; PS  502 90.2 

12-13 Previous + Vocabulary knowledge: Lextale2 + Reading 

comprehension: SweSAT3 + Motivation: SRQ4 + Self-

efficacy: CASES5 + Metacognition: MAI6 + Test anxiety: 

CTAS7 

PE 532 93.4 

13-14 Previous + Self-control: SCS8 + Grit: GRIT-short9 AL; L; MH; PE; PS; VM 1351 42.4 

14-15 Previous + stronger mathematics test: Newly developed  AL; BE; EA; EB; L; MH; PE; 

PH; PS; VM  

3343 59.4 

15-16 Previous +  Chemistry: Newly developed + Physics: Newly 

developed + Conscientiousness: PFPI10 

All = AL; BE; EA; EB; L; MH; 

PE; PH; PS; S; VM  

 

5290 81.2 

16-17 Previous + Reasoning ability: Newly developed All = AL; BE; EA; EB; L; MH; 

PE; PH; PS; S; VM  

4945 73 

TOTAL 15,963  

1 AL: Arts and Literature; BE: Bio-engineering; EA: Engineering and Architecture; EB: Economics and Business Administration; L: Law; MH: 

Medicine and Health Sciences; PE: Psychology and Educational Sciences; PH: Pharmaceutical Sciences; PS: Political and Social Sciences; S: 

Sciences; VM: Veterinary Medicine  
2 Lemhöfer and Broersma (2012) 3 SweSAT (2011) 4 Vansteenkiste, Sierens, Soenens, Luyckx, and Lens (2009a) 5 Owen and Froman (1988) 6 

Schraw and Dennison (1994) 7 Cassady (2004) 8 Tangney, Baumeister, and Boone (2004) 9 Duckworth and Quinn (2009) 10 De Fruyt and Rolland 

(2010)  
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To counter these issues, we tracked newly enrolled students by assessing skills and 

abilities at the very start of the academic year. As such, the responses resemble those of a 

population of prospective students. This approach allows us to use real study achievement 

measures, which are collected from the institutional database at the end of the academic year. 

To estimate the chance of success in SIMON, we use recursive feature elimination and 

cross-validation. This procedures are applied for each study program separately, thus generating 

program-specific chances of success. First, the dataset is split into a 75% training set and a 

testing set containing 25% of the data. The training set is used for model selection by evaluating 

the predictive power of explanatory factors for achievement in the first academic year. The 

testing set is used to measure how well the model performs at making predictions in a different 

sample. Model selection occurs by applying recursive feature elimination to the training set. 

Recursive feature elimination is a logistic regression that follows the backward stepwise 

procedure and is embedded in a Kïfold crossïvalidation. Crossïvalidation is performed on 10 

subsets and is repeated 3 times. This analysis shows how many and what variables should be 

included in the model. Classification success of the model is usually evaluated using a cutï

score of .50. Yet, this does not serve our aim. SIMON intends to classify (prospective) students 

in three groups, which requires the selection of two different cut-scores. Therefore, we are in 

search of one cutïscore that allows us to identify students at risk of failure, without wrongfully 

classifying passing students and secondly, we look for another cut-score that identifies students 

with a high probability of passing. Currently, a sensitivity value of 95% (for the low chance 

group) and of 70% (for the high chance group) are selected. This means that we allow a fall-

out of 5% in the low chance group and of 30% in the high chance group. Thus, the threshold 

for high probability of passing is more relaxed because students may have all the required 

prerequisites to pass but still fail because of situational, emotional or behavioral impediments 

during their first academic year. After the model and the cut-scores are established, this model 
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is evaluated using cross-validation. Parameter estimates of the logistic regression model are 

forced onto the testing sample and the diagnostic values of the model are evaluated for the low 

and the high chance groups. If, again, we find a sensitivity of 95% in the low-chances group 

and 70% in the high-chances group, the model and the identified cut-scores are retained. Thus, 

in the application of SIMON, a low chance of passing means that the respondent has a 95% of 

failing and a high chance of passing indicates a 70% chance of passing. Respondents wo do not 

fall within these two groups are classified in the óaverageô group which means that the 

prediction of passing is difficult.   

Feedback 

As stated above, from 2015 onwards the board of Ghent University obliged students to 

fill -out SIMON-C. This decision was based on the recognition that the data collected for the 

validation of SIMON could also be beneficial for the identification of newly enrolled students 

that were at risk of failing their first academic year. Together with this decision, post-enrollment  

SIMON was born. For the very first time, newly enrolled students who participated in SIMON-

C received a personalized feedback report. Thus, although the main target audience of SIMON 

are potential students on the verge of making a career choice at the end of secondary education, 

the availability of validation data offers advantages for students who are enrolled too. SIMON 

may allow students who are already enrolled to get an idea of their starting position in higher 

education. As such, the SIMON information can also be used to activate enrolled students who 

have a high likelihood of failing their first year. When identified, these students can get 

information on remedial activities that might increase their chances of success. If students make 

use of this information, SIMON can also alleviate student success and retention post-

enrollment. 

This brings us to a third general component in the current dissertation: giving feedback. 

Even when the instrument gives feedback on the match of interests and capacities with specific 
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study programs, the question remains whether (prospective) students are activated by the 

feedback they receive. If they are not, the instrument does not support the study choice process 

and is not able to increase higher education success and retention. Validation requires 

evaluation of how test results are used (Duijnhouwer, Prins, & Stoking, 2012). This 

consequential validity is an important aspect of construct validity (Messick, 1990). And 

although this type of validity is indispensable, surprisingly few studies addressed the issue of 

the action behaviors that result from test reports (Hattie, 2009). The current dissertation also 

contains an investigation about how SIMON test results are used.  

Overview of the Current Dissertation 

The sum of the three components (interests, competencies and feedback) leads up to 

SIMON as an orientation instrument. How these specific topics are examined and implemented 

is detailed in the following chapters. 

In chapter 2, we present an overview of how the research results were implemented as 

practical tools that aid (prospective) students in their process of choosing a higher education 

study program. We also elaborate on the technical features of SIMON by providing criterion 

validity evidence and by examining test fairness issues.  

Interests: SIMON-I  

In chapter 3, the development, initial validation and practical value of the SIMON 

Interest tool (SIMON-I) for secondary education students who are in the process of choosing a 

higher education program is described. SIMON-I is based on John Hollandôs RIASEC model 

(Holland, 1997) but also introduces an óAcademic-track scaleô which allows to discriminate 

between interest in academic versus vocational programs across and within fields of study. A 

sample of 3,962 students is used to evaluate the structural validity of the measure with an 

additional focus on possible gender differences in item functioning (i.e., differential item 

functioning) and in structural validity. The criterion validity of the newly proposed Academic-
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track scale is addressed and the usefulness and face validity of the SIMON-I output are 

examined. Special attention is also given to the feedback module of the tool.  

Capacities: SIMON-C 

In chapter 4, the predictive validity of a test of basic mathematical skills is examined. 

This newly developed test is easy to administer and is aimed at identifying students who lack 

the very basic, but necessary skills to successfully take on an introductory statistics course in 

an academic bachelor program. Because of the heterogeneity of new incoming students and the 

lack of standardized testing in the Flemish education system, this test can be especially helpful 

in identifying at-risk students. We examine not only whether this test can predict academic 

achievement in a statistics course over and above secondary education background, but also 

whether the test can predict overall first-year achievement.  

In chapter 5, a study that assesses the relevance of a broader range of variables is 

discussed. Instead of focusing solely on mathematical (or cognitive) skills and background 

factors, the non-cognitive factors of personality, self-efficacy, motivation, metacognition and 

test anxiety are also taken into account. As such, we evaluate the incremental predictive validity 

for tertiary academic achievement of this broad range of variables in a large sample of students 

(N = 2,391). Moreover, we examine the differential predictive validity of these variables across 

different tertiary education programs. If there are disciplinary differences in the predictive 

power of variables, prospective students would benefit from the opportunity to evaluate their 

personal skills with reference to specific fields of study as opposed to receiving generalized 

feedback on their compentence level.  

Feedback 

In chapter 6, we examine the effect of receiving negative attainability feedback on career 

goal management. Can negative attainability feedback encourage students to disengage from 

an unattainable career goal at the start of the university trajectory? How do students react to 
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negative attainability feedback (as opposed to positive attainability feedback): by doubling their 

effort (as proposed by control theory) or by exploring other options (as suggested in social 

cognitive theories)? And are these management strategies mediated by self-efficacy, motivation 

and the perceived accuracy of feedback? At a more descriptive level, we evaluate to what extent 

students who receive negative attainability feedback are activated by their feedback report (by 

putting in more effort for their studies, by participating in guidance activities or by considering 

to change majors). 

Finally, the general conclusions are presented in chapter 7. The research findings are 

synthesized in light of practical implications. Directions for future research and for further 

development of SIMON are also addressed.  
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Chapter 2: Technical manual: Practical implementation and criterion validity  

 

Abstract 

We start this chapter with a general description of practical implementation of the 

instruments. Next, we provide validation evidence for SIMON. In the following chapters, we 

will describe the basic principles and procedure of the development of SIMON. Yet, as more 

data is available each year, these principles have been and continue to be applied in larger 

samples of students. To fully understand our efforts to substantiate SIMON as a scientifically 

valid instrument to aid the choice of a higher education study program, we provide the available 

criterion validity information of SIMON-I and SIMON-C in the current chapter. We also 

elaborate on the important issue of test bias. More specifically, we evaluate test fairness with 

regards to gender, Socio-Economic Status (SES) and respondents with a different language 

background.  
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Description and use of the instruments 

The main goal of this dissertation was to construct and substantiate an instrument that 

is ready for use for prospective students on the verge of choosing a study program. Moreover, 

apart from the instrument for this initial target group, SIMON is now also implemented post-

enrollment. Both practical applications are described in what follows. 

SIMON Pre-Enrollment  

SIMON is freely available for all users through the website www.vraaghetaansimon.be. 

Users first make a personal profile in order to preserve accessibility of their results. When 

accessing the platform, they are free to decide what component they start with. Prospects who 

are uncertain about what program to choose usually start with SIMON-I. Users who know what 

programs they are interested in but are in need of information on their chances of success, can 

start with SIMON-C. Thus, because of the separate components and because the personal 

results are saved, prospective students can use and re-use SIMON at any point during their 

study choice process. 

When completing the interest inventory, respondents receive their personal interests 

profile which consists of a graphical representation of the scores on the RIASEC dimensions 

and on the Academic scale (see Figure 1) together with a description of each of these scales. 

They can now also explore what programs match their personal interests. Users are allowed to 

retake the inventory whenever they please. Yet, they can also manually adapt scores on each of 

the dimensions after which the list of matching study programs is adapted on-the-fly. This 

feature was installed with the aim of letting users maximally explore educational programs and 

their features.  

SIMON-C consists of all the skills and ability tests that have previously been validated 

(see Figure 2). Tests that are green have already been completed. Non-cognitive tests can be 

retaken at any time but cognitive test can only be retaken after 60 days. This limitation avoids  

http://www.vraaghetaansimon.be/
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Figure 1. Screenshot of the output of SIMON-I. Users receive a graphical representation of 

their scores on the RIASEC dimensions and on the Academic scale. 

 

  
Fig. 2. Screenshot of the overview of SIMON-C tests. 
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users to keep retaking the test until they reach a maximal score, which would of course bias 

their prediction of success. When a test has been filled out, users first receive an explanation of 

why this skill is important in higher education. For example, the vocabulary knowledge test 

result starts with the statement ñIn higher education you are expected to convey your knowledge 

and ideas in an comprehensible way, for example when taking an exam, when writing a paper 

or when giving a presentation. This requires you to master a certain level of language skills. 

This test assesses your vocabulary knowledgeò. Users also get their personal score and 

information on the position of their score in relation to other prospective students. This 

information is shown both in numbers and through a graphical representation (see Figure 3). 

 
Fig. 3. Screenshot of the output of the SIMON-C basic mathematics test. Users receive an 

explanation of why this skill is important in higher education and they get their personal score 

and information on their score in relation to other users of the tool. This information is shown 

in numbers and through a graphical representation. 

 

The results of SIMON-I and SIMON-C are integrated in the óstudy program overviewô. 

This page shows the user all included study programs and the match of these programs with the 
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personal interests and competencies. This match is expressed by a basic color code. Green 

indicates a good match (i.e.,  SIMON-I: the program matches one of the permutations of the 

three highest RIASEC scores; for SIMON-C: a high chance of passing as validated using the 

procedure described in chapter 1), red indicates there is no good match (i.e., SIMON-I: the 

program matches one of the permutations of the three lowest RIASEC scores; SIMON-C: low 

chance of passing) and orange means there is only a moderate match (i.e., all other programs). 

Because the list is quite extended (155 study programs are included), users can rank the 

programs according to their match with interests, their match with their competencies, the 

nature of the program (academic versus vocational) or all of these together. 

To help the user in making a short list of programs, they can also check a ófavoritesô 

box and decide to only view their favorites. An example of such a short list with information 

on the match with interests and competencies is shown in Figure 4.  

When clicking on a specific program in the list, the users get  program details page (see 

Figure 5). This page includes more information on the chances of success, and also a graphical 

representation of the interests of successful students in this program. This is complemented by 

the usersô personal RIASEC graph which allows them to evaluate to what extent their interests 

do (or do not) correspond to the study program environment. Users also see what institutions 

organize the program and when clicking on the logo, they get redirected to the institutional 

program page which offers all information on the programsô contents and practicalities. 

Users can also download or print their results (test scores and programs with information 

on their match to personal interests and competencies) in a report card.    

Thus, SIMON is currently operational. Still, in constructing the instrument, possibilities 

for further expansion were incorporated. Components, tests, study programs and institutions 

can be added if wanted and validated. Each year the instrument is updated based on the data 

that was collected during the previous academic year. 
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Fig. 4. Screenshot of SIMON (pre-enrollment) in which the respondent has indicated he/she 

only wanted to see his favorite study programs. The first column shows the name of the study 

program; the third showed whether this is a professional (vocational) or academic program; The 

fourth column shows the match between the respondents interests and the program (green: great 

interest, red: no interest, orange: moderate interest); and the last column shows the personal 

chance of success (green: high chance, red: low chance, orange: moderate chance/difficult to 

make predictions) 

 
Fig. 5. Screenshot of a study program details page in SIMON  
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The website was launched in February of the year 2015 and during the first full school 

year (ô15-ô16) it was used by 20,000 unique prospects. In comparison, 49,487 students enrolled 

for the first time in higher education in Flanders in the academic year ô15-ô16 (Ministerie van 

Onderwijs en Vorming, 2016). These numbers demonstrate that prospective students were in 

need of a valid instrument that helps them in choosing a higher education study program. 

SIMON as pioneer of the Columbus project 

As a result of the success of SIMON, the Flemish government has decided to design a 

tool with the similar aim of aiding prospective students in their study program choice. In 2016, 

the Flemish so-called óColumbusô project was launched. Whereas SIMON is limited to the co-

operating institutions, the ambition of Columbus is to design an instrument that contains all 

study fields in Flanders. In doing so, several SIMON-modules (such as SIMON-I and the basic 

mathematics test) have been included in the pilot and validation phase of Columbus, together 

with language and non-cognitive tests that had been developed at other research institutions. 

The predictive validity of Columbus for academic and vocational programs across Flanders is 

currently being investigated. Thus, apart from being a ready-to-use instrument, SIMON has 

also played a pioneering role in the development of an instrument that may be applicable for 

prospective students across the Flemish region. 

SIMON Post-Enrollment 

A second practical value of SIMON is itsô post-enrollment function. Newly enrolled 

students at Ghent University are invited to complete SIMON at the start of each academic year. 

Since the academic year ô15-ô16, participating students receive their results in a personalized 

feedback report (see the appendix in chapter 6 for an excerpt of an example report) three weeks 

into the academic year. This feedback report consists of three important pieces of information: 

1. A personal chance of success (if validated following the principles described in chapter 1 and 

5), 2. A personal score on each of the included tests together with information on the position 
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of the score in the cohort of students in the study program, and 3. For each of the assessed skills 

and abilities an overview of remedial activities that could improve the competency concerned. 

Interventions at both the central and the faculty level of the university are included. 

Since the introduction of this application in 2015, 10,224 newly enrolled students at 

Ghent University have received a personalized feedback report, of whom 7,612 got a personal 

chance of success for the study program they enrolled in. Post-enrollment SIMON was 

specifically designed to identify students who lack the basic prerequisites and are thus at risk 

of failure. The feedback reports provide these students with a clear warning and give concrete 

and workable advice on how students can improve their skills and abilities. As we will 

demonstrate in chapter 6 and below, these reports do not fall short of their goal. They stimulate 

goal management strategies in students which can in turn improve their academic success and 

retention.  

General features and criterion validity 

Interests 

The main goal of the SIMON interest inventory and its output was to maximize the 

exploration of (relevant) study options. In doing so, it was imperative that SIMON-I gives valid 

study advice and secondly, that it supplies the user with a manageable list of matching study 

options which broadens their view and encourages the in-depth exploration of viable options. 

The initial validation of SIMON-I will be described in chapter 3. Yet, our continuous data 

gathering allowed us to further evaluate whether SIMON-I meets this goal. 

The assessment of whether SIMON-I can identify personally relevant study program 

options, can be accomplished using the concept of a óhit rateô. This measure expresses what 

percentage of people in a given group would have been referred to that group by their interest 

scores. This approach involves classifying each successful student into one of Hollandôs six 

types on the basis of their study program. A student is counted as a hit if his or her highest 
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RIASEC score matches the first RIASEC letter of his or her study program. Thus, a student 

studying Social work (a predominantly S-program) would be counted as a hit if his or her 

highest average score was on the S-scale. If 50 out of 100 students would obtain high-point 

codes on scales that agree with their study program, the hit rate would be 50%. This approach 

provides quantitative evidence of validity based on the predominant interests of criterion groups 

(ACT, 2009). When unweighted hit rates are used with Holland-type criterion groups, the 

chance hit rate equals 17% (1/6) (ACT, 2009). At present, this SIMON-I first letter code 

agreement is 60.9% (N = 5,883). This is considerably higher than the 17% hit rate expected by 

chance and exceeds findings from widely used interest inventories such as the ACT interest 

inventory (i.e., values ranging between 31 and 55%, UNIACT, 2009). However, the SIMON-I 

matching algorithm and output is not limited to a first letter agreement. Following guidelines 

by Rosen, Holmberg, and Holland (1989), SIMON-I generates a list of matching programs 

based on all of the permutations of the personal RIASEC code. For example, when a respondent 

has S,E, and C as highest scores, all SE, SC, ES, EC and CE study programs are offered as a 

good match. This provides the greatest opportunity for successful exploration of study programs 

as no individual resembles only a single type. Using this algorithm, on average 86.2% of the 

successful students across 4 participating institutions (N = 4,227) would receive the study 

program that they are enrolled in as suggestion based on SIMON-I. Finding a 100% 

correspondence would be highly unlikely as interests themselves are not 100% stable. In their 

meta-analysis on the stability of interests, Low, Yoon, Roberts, and Rounds (2005) found that 

the estimated population correlation of interests at college age (18-21.9 years) was .67. Stability 

was also lower (ɟ = .58) at the age of 16-17.9 years, which is the typical age Flemish students 

are required to choose their study program. As a result of these fluctuations, it is not unusual 

that a fraction of students graduate from a study program that does not or does no longer 

correspond to their personal interests. Also, other studies showed lower percentages of 
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correspondence between studentsô interest profile and their major. Harrington (2006), for 

example, found that 76% of the students graduated a major congruent with their Career 

decision-making system (CDM, Harrington & O'Shea, 1993) scores. Considering these 

findings, a correspondence of 86.2% can be considered good. 

Another way of evaluating the congruence between RIASEC codes (for example 

between individual and study program codes) is by using the C-index (Brown & Gore, 1994). 

This index will also be described in chapter 3 and compares RIASEC codes based on the 

hexagonal distance between the letters. C ranges between 0 and 18, with higher scores 

indicating higher congruence. C is symmetrically and normally distributed, with a theoretical 

population mean of 9. Because our study programs are assigned two letter codes, we used the 

modified C-index as proposed by Eggerth and Andrew (2006). This modified C-index allows 

comparison between Holland code profiles of less than three letters in length and is obtained 

by sequentially comparing the first and second letters in both codes. Results showed that the 

agreement between individual codes and study program codes was significantly higher than the 

mean of 9 (C = 14.34, t = 110.92, p < .001). In comparison, Wessel et al. (2008) found a mean 

correspondence of 10.48 (SD = 3.63) between studentsô interests and college major using the 

Strong Interest Inventory. 

Thus, the results of these correspondence analyses support that SIMON-I allows for 

identification of personally relevant study program options.  

A second question concerns the ability of SIMON-I to broaden the view of users and to 

stimulate them to further explore viable study options. A sample of secondary education 

students (N = 315) was invited to evaluate this issue. 55.8% of the respondents said SIMON-I 

helped them in their choice process and 55.4% indicated that SIMON-I encouraged them to 

look into study options they had never even considered before. These numbers demonstrate that 

SIMON-I does aid study program choice and the (in-depth) exploration of options.  
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Competencies 

The aim of SIMON-C was to provide users with a realistic appraisal of their chances of 

success in a specific study program. As explained in chapter 1, SIMON-C specifically intends 

to identify students who almost certainly lack the necessary skills to pass their first year of 

higher education. Thus, the focus was on a high prediction accuracy in the high-risk group, 

limiting false negative advice: only a small group of students gets a clear warning that a program 

is unattainable, but this prediction should be very accurate. As success predictions in SIMON 

are program-specific it is extremely difficult to give a proper estimate of the number of 

secondary education users that gets a negative advice (i.e., a low chance of passing). Yet, the 

available data of newly enrolling students at Ghent University (N = 8,653) showed that 10% 

received a low chance of passing for the program they enrolled in. Eventually, only 6% of them 

passed their first year. These students obtained on average 41% of their ECTS credits. Historical 

data showed that this corresponds to a chance of attaining the degree in 4 years (timely 

graduation of 3 years + 1 extra year) of 1.5%. In comparison, 70% of the students with a high 

SIMON-C chance actually passed. These students obtained on average 87% of their ECTS 

credits, which corresponds to a chance of attaining the degree in 4 years of 85% (see Table 1).  

 

Table 1: Ghent University students academic years ô12 - ô13 through ô15 ï ó16 (N = 8,653) 

study results by SIMON-C predicted chance of passing 

SIMON-C chance 

of passing 

Accuracy  

(% passing) 

Average % ECTS 

credits obtained 

Average chance of obtaining 

the degree (in 4 years) 

 Low 4% 41% 1.5% 

Average 40% 68% 36% 

High 70% 87% 85% 

 

Post-enrollment SIMON: Feedback reports 

To evaluate the effects of the post-enrollment feedback reports, 6,649 newly enrolled 

students were invited to complete a questionnaire in November 2016. 2,330 students started the 
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questionnaire and 1,849 completed it (27.8% of the newly enrolled students, 37.4% of the 

students who had received a report).  

Results showed that a very high percentage of students (98.7%, N = 1,983) actually read 

the feedback report. The report was also well accepted: 77.5% found the feedback justified, 

62.6% found it useful and 68% said they would recommend other students to complete SIMON. 

54.2% of the total sample indicated that they were activated by the feedback report. Students 

with a low chance of passing were activated the most (see Figure 6): 31% of them actively 

participated in remedial activities, 28% said the report stimulated them to put more effort into 

their studies and 10% had considered changing study programs. 

 
Fig. 6  Effect of post-enrollment feedback reports by SIMON predicted chance of success 

 

When comparing the cohort of the academic year ô14-ô15 (when no feedback report was 

sent out to students) with the cohort of ó15ô-16 (when the first cohort of students received 
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feedback reports), data showed that students who had a low chance of passing and who had 

received feedback significantly more often (15%) changed study programs than students with 

a low chance of passing who did not receive feedback (9%)  (t = -2.60, p = .01).   

In sum, these results show that the feedback reports do generate the intended effect. 

Students who receive a feedback report reflect upon their starting competencies and on their 

match with the program they enrolled in. Especially students with a low chance of passing are 

encouraged to think about other (more fitting) study programs or to take up remedial courses in 

order to improve their chances of success. 

Test bias and fairness 

During the development of SIMON, we remained vigilant about bias against minority 

groups. A biased test is one that systematically over- or underestimates the value of the variable 

it is intended to assess, for a specific group. If this bias occurs as a function of a cultural variable, 

such as ethnicity or gender, cultural test bias is said to be present (Reynolds & Ramsay, 2003). 

To avoid this type of bias in SIMON, we evaluated fairness with respect to three important 

demographic variables: socio-economic status (SES), gender and different language 

background. 

SES 

First, it was important to evaluate the effect of SES on the SIMON-C predicted chance 

of success (Sackett et al., 2012). Paralleling the procedure of the Flemish Department of 

Education (Ministerie van Onderwijs en Vorming, 2012) to grant extra resources to schools 

with a high level of children low in SES, we used two indicators of SES: receiving a bursary 

and having a mother who did not attain a secondary education qualification. Students who met 

any of these criteria were categorized in the low SES group.  

An important preliminary remark is that there were in fact significant differences in 

academic performance between low and high SES groups. Students with low SES attained a 
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lower percentage of their ECTS credits (M = 57.5 SD = 37.6) than other students (M = 66.3, SD 

= 36.6) (t(15854) = -12.6, p < .001). Students low in SES also passed significantly less often 

(26.8%) than other students (38.6%)  (ɢĮ (1, N = 16,844) = 180.9, p < .001). As a result, it would 

be plausible and perhaps even desirable that SIMON more often predicts a lower chance of 

passing to students low in SES. However, it would not be fair to (dis)advantage any group by 

disproportionally assigning low or high chances of passing. This fairness could be assessed by 

evaluating within groups of students who pass on the one hand and students who do not pass 

on the other whether students low in SES are more likely to receive a low or high chance of 

passing.  

When looking at the group of students who passed, there was no significant relation 

between the SIMON prediction of success and SES group (ɢĮ (2, N = 3,292) = .50, p =.78). 

There was however a significant relation within the group of students who did not pass (ɢĮ (2, 

N = 5,361) = 8.3, p =.02). Thus, students with low SES more often received a low chance of 

passing, but this was justified on the basis of their lower performance. Students low in SES did 

not unjustly receive more negative advice than do other students. On the other hand, students 

low in SES were more often (17.4%) correctly identified as being at risk of failure than students 

who are not low in SES (14.3%). This means that students low in SES more often correctly 

received a warning that the study program of their choice was difficult to attain. In other words, 

SIMON did not (dis)advantage students with low SES by wrongly giving low or high chances 

of passing. Yet, SIMON did benefit low SES students by correctly signaling them that they 

were at risk of failure. Thus, these low SES risk students are encouraged more often to 

reconsider their program choice or to participate in remedial activities than other risk students.  

This may be a leverage for social equality in higher education, an issue which is taken up further 

in chapter 7. 
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Gender 

The same procedure was applied to gender. Men passed less frequently (32.5%) than 

women (38.4%) (ɢĮ (1, N = 16,698) = 61.34, p < .001). Men also obtained a significantly lower 

percentage of ECTS credits  (M = 60.3, SD = 37.9) than did women (M = 67.4, SD = 36.1) 

(t(15708) = -11.7, p < .001). Consequently, SIMON more often gave a low chance of passing 

to men (10.9%) than to women (9.1%). 

Yet, when singling out the students who passed, there was no significant relation 

between the SIMON chance of passing and gender (ɢĮ (2, N = 3,282) = 1.1, p =.57). Neither 

was there within the group of students who did not pass (ɢĮ (2, N = 5,341) = 1.4, p =.49). In 

other words: men more often received a low chance of passing, but this was justified on the 

basis of their lower performance. Men did not wrongly receive more negative advice than do 

woman. On the other hand, men were not more often justly identified as being at risk of failure 

than women. Thus, the assessment was functioning similarly for men and women. 

With regards to SIMON-I, it was important to address gender differences in interests. 

Men and women are consistently found to differ in vocational interests, with men scoring higher 

on Realistic and Investigative interests and women favoring Artistic, Social and Conventional 

activities and occupations (see e.g., Su, Rounds, & Armstrong, 2009). The debate as to why 

men and women differ in their vocational interests is open, but some have suggested that these 

differences are an artifact of test construction. Therefore, it was important to take into account 

possible gender bias in the test construction phase. An important problem to address with 

regards to gender fairness is the differential functioning of items. Differential Item Functioning 

(DIF) occurs when respondents from different groups (in this case men and women) show 

differing probabilities of endorsing items after matching on the underlying trait that the item is 

intended to measure (Zumbo, 1999, p.12). For example, DIF would take place when women 

who have the same underlying level of R-interests as their male counterparts, would have a 
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lower probability of endorsing a specific R-item (a specific activity or occupation) less 

frequently than these men. In this case, the item would show bias towards men as men would 

be more likely to indicate they are interested in this specific activity or occupation. Wetzel, 

Hell, and Pässler (2012) showed that item response theory (IRT)-based DIF analyses were 

useful to address this issue. 

 We applied such a procedure, SIBTEST (Shealy & Stout, 1993), to the SIMON-I items. 

Results of the tests will be described in chapter 3 and show that 51% of the items showed bias. 

Importantly, with 47.6% of the bias items favoring women and 52.4% favoring men, there was 

no systematic bias against men or woman in any of the scales. 

Different language background 

With regards to language background, four different groups were considered: students 

with Dutch as native language (which is the language spoken in Flanders), students speaking 

French (which is the language spoken in the southern region of Belgium), students that speak a 

different EU-language, and students speaking a different non-EU language at home. 

Students speaking Dutch passed significantly more often (40.5%) than students 

speaking French (27.4%), another EU language (20.6%) and another non-EU language (13.6%) 

(ɢĮ (3, N = 10,974) = 131.21, p <.001). There were also significant differences in percentage 

ECTS credits obtained between language groups (F(3, 10507) = 71.86, p < .001)). These 

differences are shown in Table 2. 

Within students who passed, there was no significant relation between the SIMON 

predicted chance of success and language background (ɢĮ (6, N = 3142) = 3.34, p =.77). This 

means that the amount of students that wrongly received a low chance of passing is similar 

across language groups.  
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Table 2: Differences in obtained ECTS credits between language background groups 

 N Mean SD 

Dutch 9848 68,5 35,6 

French 236 55,9 38,7 

Other language (EU) 121 49,1 39.0 

Other language (non-EU) 306 42,4 36,7 

Total 10511 67,3 36,1 

 

Within the group of students who did not pass there was a significant relation between 

the chance of success and language background (ɢĮ (6, N = 5,110) = 17.92, p =.01). Students 

speaking Dutch more often received an average chance of success (83%) than students in any 

of the other language groups (78%, 75.3% and 75.7% respectively). Students with a different 

EU language more often received a high chance of passing (4.1% versus 2.9% for Dutch 

speaking, 1.5% for French speaking and 2.2% for other non-EU language speaking students). 

Thus, although the differences are small, students speaking a different EU language were more 

often wrongly classified as having a high chance of passing. This may indicate that these 

students master the basic skills to pass, but that they more often fail because of factors that are 

not assessed in SIMON. 

In sum, the current evidence showed that SIMON does not (dis)advantage any groups 

and can thus be considered as fair. 

Conclusion 

In this chapter, we described how our research results are practically implemented, 

thereby demonstrating how the instrument can be used to aid (prospective) students in their 

choice of a higher education study program.  We also presented more validity evidence. Results 

showed that SIMON can identify both personally relevant study options (SIMON-I) and 

students at risk of failure in their first year of higher education (SIMON-C). Moreover, evidence 

shows that SIMON did not exhibit bias towards specific (underrepresented) groups.  
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Chapter 3: Exploring vocational and academic fields of study: Development and 

validation of the Flemish SIMON Interest Inventory (SIMON-I) 1 

Abstract 

A new, Holland-based Interest Inventory is proposed, intended to facilitate the transition 

from secondary to tertiary education. Specific interest items were designed to grasp activities 

that are prevalent during tertiary studies, including an Academic-track-scale to assist in the 

choice between academic and vocational-oriented programs. Interest profile descriptions are 

complemented by a list of matching study programs. Data from 3,962 students were analyzed 

to evaluate the underlying circumplex structure, the criterion validity of the Academic-track-

scale and the study program RIASEC codes. It is concluded that the assessment and feedback 

tools are promising instruments to facilitate the transition to tertiary education. 

  

                                                           
1 Fonteyne, L., Wille, B., Duyck, W., & De Fruyt, F. (2016). Exploring vocational and academic fields of study: 

Development and validation of the Flemish SIMON Interest Inventory (SIMON-I). International Journal for 

Educational and Vocational Guidance (In Press). Advance online publication. doi:10.1007/s10775-016-9327-9 
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Introduction  

The Organisation for Economic Co-operation and Development (OECD; 2013) reported 

that 32% of tertiary students fail to graduate. In Flanders, the Dutch-speaking part of Belgium 

and the regional context for the present study, about 40% of university students succeed in 

terminating all courses successfully during the first year of tertiary education. These trends are 

alarming, even more so since first year performance is one of the best predictors of academic 

retention (de Koning, Loyens, Rikers, Smeets, & van der Molen, 2012; Murtaugh, Burns, & 

Schuster, 1999).  

One of the critical aspects in preventing drop-out and improving success rates is 

adequate support and information during the study choice process. Students who carefully 

explore their options are more likely to end up in a program that suits their interests and 

potential, which in turn will lead to higher retention rates. For example, Germeijs and 

Verschueren (2007) showed that in-depth exploration of the environment during the study 

choice process led to a higher commitment to the chosen study program, which eventually 

resulted in better academic adjustment.  

The exploration of personal interests is an important aspect of this self-investigation 

phase in the study choice process. Nye et al. (2012) showed in their meta-analysis that interests, 

and especially the fit between individuals and their environment, were strongly related to 

performance and persistence in academic contexts. It is thus important for people in the process 

of choosing a study program to explore both their interests and their study options, to end up in 

a matching program where drop-out will be less likely. In order to accomplish this daunting 

task, valid and accessible methodologies that encourage this self-exploratory process are 

required. 
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The Need for a New Interest Inventory  

An abundance of interest inventories have already been developed, such as the widely 

used Self-Directed Search (Holland, 1985b) or the Strong Campbell Interest Inventory 

(Campbell, 1987). However, there are several reasons that may compel researchers and 

practitioners to create new instruments, particularly in the context of educational orientation.  

First, most of the established interest inventories draw heavily or even exclusively on 

occupational titles to assess interest profiles. Yet, when students are asked to choose a field of 

study at the age of 17 or 18 (i.e., the age at which most students enroll in higher education), 

their ability to self-report on vocational interests through preferences for specific occupational 

titles may be constrained by a still limited understanding of how the world of work is organized 

(Grotevant & Durrett, 1980) and what is required in terms of knowledge and skills to adequately 

perform in different occupations. Moreover, when making this educational decision, students 

are more concerned with their level of interest in the respective fields of study than with the 

future job opportunities that might result from their study choice (Malgwi, Howe, & Burnaby, 

2005). This is especially true since not all students end up in a job that matches their field of 

study (see e.g., Wolniak & Pascarella, 2005). It is thus essential that the matching of study 

programs to personal interests does not solely rely on job titles but also includes items that are 

related to specific activities prevalent in the study curriculum and practical training of college 

programs. 

Second, most inventories have been developed and validated in the U.S. Since previous 

research has shown that cross-cultural application of interest inventories is not always without 

problems (Einarsdóttir, Rounds, Ægisdóttir, & Gerstein, 2002), there is a need for measures 

that are tailored to the specific regional context. In the current study context (i.e., Flanders), 

there is a pertinent lack of validated measures that link studentsô interests to the available higher 

education programs. Moreover, no tools are available that may aid students in making the 
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decision between pursuing an educational career at the academic or rather at the vocational 

level (see below). 

Third, educational systems are organized substantially different across cultural, 

national, and even regional boundaries, and interest inventories and their feedback tools should 

be maximally aligned with these requirements at the institutional level. When making 

educational choices in Flanders, students need to decide on which study program they want to 

pursue at the end of secondary education (age 17-18), both in terms of study content or study 

field (e.g., engineering, law, psychology, foreign languagesé) and study level (either academic 

or vocational track). Previous research has demonstrated that study fields can adequately be 

described and structured using well-established vocational interest models, like John Hollandôs 

(1997) RIASEC model (De Fruyt & Mervielde, 1996). The choice between study levels pertains 

to the difference between the academic track (organized by universities) and the vocational 

track (organized by colleges). This also corresponds to the distinction between tertiary-type A 

(or academic) and tertiary-type B (or vocational) programs as specified in the International 

Standard Classification of Education (UNESCO, 1997). While the focus in the latter is more on 

concrete and specialized professional skills and direct entry into the labor market, academic 

programs are more theoretical and research-oriented leading to a master degree. Moreover, 

students with an academic background typically occupy supervisory positions and work on 

more abstract and complex matters, whereas people graduating from vocational programs are 

more likely to work under supervision on concrete and specific tasks. With very few exceptions, 

study fields can be studied either at the theoretical or at the more applied level. For example, 

the academic Psychology program extensively studies the fundamental principles underlying 

human psychology, hereby considering different theoretical perspectives, whereas the 

vocationally oriented óApplied Psychologyô program focusses on the practical application of 

psychological principles. Most tertiary education students (39% of the population) across 
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OECD countries graduate from a type A program nowadays. Still, a significant group of 11% 

of the population graduates at tertiary-type B level. This proportion can reach as much as 

29.67% (New Zealand) (OECD, 2014). Thus, a common shortcoming in existing interest 

measures is that these have little to say about which track, academic (tertiary-type A) or 

vocational (tertiary-type B), aligns best with a personôs interest profile. 

Finally, most inventories fall under copyright restrictions of test publishers (Armstrong, 

Allison, & Rounds, 2008) and are not publically available, which is a severely constraining 

factor for secondary education pupils on the verge of selecting a study program. Optimally, 

secondary education students should have easy and free access to reliable and validated 

assessment and feedback tools, encouraging the exploration of their interests and corresponding 

study programs. 

The current paper describes the development of a new interest inventory that 

circumvents these problems. Specifically, the goal of this project is to develop an interest 

assessment inventory and accompanying feedback tool that is part of the broader SIMON 

(Study skills and Interest MONitor) project, a Flemish institutional initiative aimed at assisting 

secondary education pupils in their selection of a higher education program that maximally suits 

their interests and abilities. In this prospect, the newly developed interest inventory offers 

several advantages over previously developed scales such as the Self-Directed Search (SDS). 

Although both instruments aim to promote the exploration of interests in and by respondents 

using Hollandôs model as a guiding theoretical framework (see below), there are a number of 

important differences that should render this new instrument more appropriate to assess 

studentsô interests in the specific context described above. First, the new measure could be 

tailored to a distinct target audience of students in their final year of secondary education, who 

are all on the verge of selecting a higher education study program. For this target population, 

the ultimate objective of the interest-assessment consists of improving the match between their 
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personal interests and the available study programs, rather than obtaining a match between 

interests and work environments in general. As a consequence, the operationalization of this 

instrument should be different from the operationalization adopted when constructing 

traditional interest inventories, such as the SDS. Specifically, items will be constructed and 

selected that are a reflection of specific study activities in different programs, on top of the 

commonly included occupational titles. A second innovation is that this new assessment tool 

will also encompass an Academic scale, to help students in their choice between academic 

versus vocational programs.  

Theoretical Background of the Newly Developed Interest Inventory  

Hollandôs (1997) RIASEC interest model served as the guiding taxonomic framework 

for our new assessment instrument. Although not entirely free of debate and criticism (e.g., 

Furnham, 2001; Tinsley, 2000), the RIASEC framework is currently the most widely used and 

researched model to structure interest inventories around the world (Brown, 2002; Nauta, 

2010). Central in Hollandôs theory is the assumption that both people and environments can be 

described in terms of their similarity with six different personality and environment types, i.e., 

Realistic, Investigative, Artistic, Social, Enterprising, and Conventional (for an excellent 

description of these types, see for instance Nye et al., 2012). The idea is that the degree of 

congruence or fit between a person and his or her environment significantly relates to higher 

levels of achievement and/or satisfaction. Moreover, the six theoretical types can be organized 

in a hexagonal structure, reflecting the level of psychological similarity between types. That is, 

adjacent types (e.g., Realistic and Investigative) are most strongly related whereas opposite 

types (e.g., Realistic and Social) are expected to show the least similarity. Prediger (1982) 

extended Hollandôs theory by showing that two dimensions underlie the interest circumplex, 

namely the People/Things and the Data/Ideas dimensions. In the People/Things dimension, the 

Things axis is anchored by the Realistic type while the opposite end of the dimension (People) 
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is anchored by Social. The Data-Ideas dimension has the Data axis intersecting the midpoint 

between Enterprising and Conventional and the Ideas axis intersecting the midpoint between 

Investigative and Artistic types (Rounds & Tracey, 1993).  

Previous research has demonstrated that differences in vocational interests between 

university programs in Flanders are in accordance with Hollandôs theory (De Fruyt & 

Mervielde, 1996). Specifically, students in Industrial, Bio-agricultural and Applied engineering 

had the highest score on the Realistic scale. Students enrolled in Science and Bioengineering 

programs scored highest on the Investigative type. Language and History students had highest 

scores on the Artistic scale while students in Psychology and Educational sciences programs 

matched the Social type. Finally, Economy, Political/social sciences and Law students scored 

considerably higher on the Enterprising scale. Given the widespread acceptance of the Holland 

model, and its demonstrated relevance in the current context, i.e., the Flemish higher education 

system (De Fruyt & Mervielde, 1996), the RIASEC model seems particularly appropriate to 

serve as the conceptual basis of our new interest inventory. There are currently no inventories 

available in the Flemish community that are specifically designed to explore study interests 

according to the well-established Holland-model. 

Academic Versus Vocational Study Programs 

As a second innovation, we want the newly developed inventory to shed light on the 

often difficult choice between academic versus more vocationally oriented programs, because 

there are no specific requirements to enroll in either programs in Flanders. For this purpose, an 

academic-track-scale was introduced to assess a distinct interest dimension, here referred to as 

the óAcademicô factor. The idea is that within the six RIASEC interest types, this academic 

factor should differentiate between students who are more academically versus more 

vocationally oriented. This implies that students in the academic track share a common interest 

regardless of their field of study (and corresponding RIASEC profile) as opposed to students in 
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the vocational track. Since the focus in academic programs is more on theoretical and less on 

concrete professional skills, we expect these students to be more interested in specific academic 

study activities such as reading scientific literature and designing and conducting research.  

An important issue in this regard concerns the relationship between the Academic scale 

and the existing six RIASEC interest scales. For instance, considerable overlap might be 

expected with Hollandôs Investigative type, as this type has a preference for activities such as 

abstract thinking and analyzing (Holland, 1997). Nevertheless, it is important to note that all 

fields of study (and corresponding interest types), including primarily Investigative programs 

can be studied at either type A or type B level (see e.g., OECD, 2011, Table 4.4). Even for 

Science programs, which are primarily Investigative (De Fruyt & Mervielde, 1996), there is the 

opportunity to choose between academic versus vocational tracks, and the numbers show that 

both options attract a considerable population of students. As such, the new Academic factor 

should not so much be seen as an additional (i.e., seventh) interest type; but rather as an 

additional interest dimension that differentiates between students within each of the six 

RIASEC types (and accompanying fields of study). In this regard, this dimension shows some 

resemblance to Hollandôs (Holland, 1985a) conception of level of training, and to Tracey and 

Roundsô (1996) idea of a prestige dimension. Specifically, Tracey and Rounds (1996) explain 

that the typical People/Things and Data/Idea dimensions can be thought of as orthogonal 

dimensions structuring the field of RIASEC dimensions, while the prestige dimension cuts 

through this interest circumplex adding a third and independent dimension. Hence, just as there 

are RIASEC occupational interests that can be sorted from low to high prestige, one can 

distinguish between RIASEC study interests that are either academic or rather vocational. 

Moreover, just as the prestige dimension shows some overlap with one of the primary RIASEC 

interest scales (i.e., Enterprising), the Academic factor can be expected to correlate with 

Investigative study interests.  
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Matching Interests to Study Programs 

Helping students to identify fitting study programs is a two-step process where they (a) 

gain self-insight into their own study interests and (b) are informed about the interest profiles 

of the available study programs. Therefore, the newly developed interest inventory presented 

here is accompanied by a separate feedback tool that links the generated interest profiles to a 

list of congruent study programs. Importantly, the classification of environments, occupational 

or educational, in terms of Hollandôs RIASEC model is a challenging undertaking that can be 

approached from different angles. Prior work on the classification of environments has mainly 

focused on describing occupations in terms of the RIASEC dimensions, relying on three 

different procedures: the incumbent method, the empirical method and the judgment method 

(see, Rounds et al., 1999).  

In the educational domain, however, conspicuously little attention has been devoted so 

far to the classification of study environments according to the RIASEC model (Reardon & 

Bullock, 2004). The current study extends the available literature in this domain by directly 

comparing the convergence between three different classification methods that can be applied 

to higher education study programs, i.e. (a) expert ratings, (b) studentsô mean interest scores, 

and (c) RIASEC descriptions of equivalent occupations (see further).    

In the following section, an overview is given of the construction process that lead to 

the SIMON Interest Inventory, followed by a summary of the research purposes of the current 

study. 

Construction and Initial Analysis of the SIMON Interest Inventory (SIMON -I)  

In a first stage, an iterative procedure was used to generate the interest items for the new 

inventory. Items were constructed by three independent experts. Two of these experts can build 

on extensive experience in vocational interest assessment research, while the third expert has 

widespread knowledge in educational guidance and student counselling in particular. Items 
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were written to reflect a wide set of activities that are characteristic of the full range of tertiary 

educational programs organized in Flanders. Based on both original (Holland, 1985a, 1997) 

and more contemporary (Wille, De Fruyt, Dingemanse, & Vergauwe, 2015) descriptions of the 

six Holland interest types, these activities were subsequently grouped in accordance with the 

RIASEC framework. Finally, this set of educationally relevant activities was also supplemented 

with a list of occupational titles that can be liked or disliked. The choice of these occupational 

titles was inspired by prior taxonomic work in the Netherlands and Belgium on the positioning 

of professions within the RIASEC structure (Hogerheijde, Van Amstel, De Fruyt, & Mervielde, 

1995; De Fruyt & Mervielde, 1996).  

The initial item pool consisted of 173 items describing RIASEC activities (88 items) 

and occupations (85 items). In addition to the six Holland scales, a seventh scale was 

constructed to assess interest for academic (versus vocationally orientated) programs. Item 

generation for the óAcademicô scale was based on the assumption that pupils who want to enroll 

in an academic track must be interested in specific academic study activities, irrespective of 

their field of interest. Examples of such activities are reading scientific literature and 

autonomous implementation and evaluation of research activities. This resulted in a 12-item 

óAcademicô scale that intends to grasp a 'generic interest for the academic trackô as opposed to 

more vocationally oriented programs. The initial questionnaire hence comprised 100 items 

measuring preferences for study activities and 85 items indicating occupational preferences.  

Upon completion of the assessment module, test-takers would be presented a 

personalized interest profile summarizing the percentage scores on the six RIASEC scales and 

the Academic scale, supplemented with a list of matching study programs that they could 

consider. For this purpose, all available study programs were assigned a two-letter RIASEC 

code generated by experts in vocational interest assessment and relying on prior empirical work 

describing the distribution of RIASEC interests across study programs in Flanders (De Fruyt & 
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Mervielde, 1996). We used two-letter codes for study programs instead of the three-letter codes 

proposed by Holland. The main reason is that  RIASEC codes for tertiary education programs 

in Flanders are yet to be empirically substantiated, and the use of more detailed three-letter 

codes for matching purposes would still be too audacious.  

There was a high level of agreement across the three experts for over 95% of the study 

programs. In less than 5% of the programs, only two out of three experts assigned the same 

two-letter code, and for these cases a final code was assigned after deliberation. To give one 

example, the study program ñEconomyò was assigned the two-letter code ñECò, reflecting the 

primarily Enterprising and Conventional nature of this field of study. Upon completion of the 

interest inventory, respondents would receive a list of all study programs that matched their 

personal interest profiles based on the new inventory. This matching procedure used the first 

three letters of the personal interest profile, linking this to all study programs that either shared 

the first two letters (irrespective of their sequence), or that had the first and the third letters in 

common. For example, a respondent with an AIRCES interest profile would receive study 

programs coded by experts as AI, IA and AR. 

This first version, SIMON-I, was administered online to a sample of 295 secondary 

education students (age 17-18). Students were recruited from four secondary schools that offer 

a broad range of secondary education programs. Respondents were asked to fill out SIMON-I 

in the classroom under the supervision of teachers and to give extensive feedback. This 

feedback consisted of an overall rating (5-point Likert scale) indicating to what extent they 

agreed with the generated profile (i.e., the interest profile and the proposed study programs). 

They were also invited to highlight items that were difficult to interpret and to provide further 

qualitative feedback concerning the assessment.  

Based on these data and feedback, a second version of the instrument was developed. 

In total, 30 of the original items were deleted because (a) they were easily misunderstood or (b) 
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they showed insufficient coherence with other items in the scale as evidenced by an increase in 

Cronbachôs alpha coefficient when the items were deleted. Seven items did not have the highest 

correlation with the intended scale and were moved to the corresponding scales. For example, 

the occupational title ócommunication managerô was initially included in the Social scale, 

though was relocated to the Enterprising scale given its empirical association with this interest 

dimension. Nine additional items were generated to obtain a more complete coverage of the 

study program portfolio.  

The resulting version of the inventory (see Appendix for the English translation of the 

Dutch SIMON-I) comprised 98 activity items (11 Academic scale items and 87 RIASEC scales 

items) and 66 occupations (RIASEC scales items). Instructions were clear and concise: 

respondents were asked to indicate in a yes-no-format whether they would enjoy the activities 

and professions or not. We opted for a forced-choice format (yes-no) instead of a Likert scale 

because yes-no interest items are easy to score, quicker to administer and they are equally 

reliable (Dolnicar & Grun, 2007; Dolnicar, Grün, & Leisch, 2011). Scale scores were converted 

to range between 0 and 100 and indicated the proportion of óyesô answers out of the total number 

of valid answers to both activity and occupation items. This second version served as the basis 

for further psychometric and structural evaluation. 

Study Objectives 

Having discussed the rationale and procedure behind the development of SIMON-I, the 

purpose of the current study is to provide initial evidence for the validity and practical value of 

this interest assessment tool in secondary education students on the verge of selecting a higher 

education program. To meet this aim, three central questions will be addressed.  

First, given that SIMON-I is based on Hollandôs model of interests, an important 

question in the validation process concerns the structural validity of the proposed measure. 

Therefore, the internal consistencies of the RIASEC study interest scales and the presumed 
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circular structure of the Holland types (Holland, 1997) will be investigated first. Special 

attention will also be given to possible gender differences in item functioning (i.e., differential 

item functioning) and in structural validity. 

Second, the current study aims to provide initial evidence for the criterion validity of 

the Academic-track-scale. Specifically, it will be examined whether this scale can adequately 

discriminate between students in academic versus vocational programs across and within fields 

of study. Further, given the anticipated overlap with the Investigative interest scale in particular, 

special attention in this validation process will be devoted to the issue of incremental validity. 

Third, the current study presents a validation of the RIASEC study program codes that 

are used in the SIMON-I feedback tool. Specifically, the expert-rated RIASEC codes for study 

programs will be compared against (a) the mean interest scores of students in these study 

programs, further referred to as óempirical program codesô and (b) occupationally-derived 

RIASEC codes, referred to as óO*NET program codesô (see further). The idea behind the 

empirical program codes is that the interest profile of a study program can be derived from the 

average interest profile of people enrolled in this particular program. This approach is consistent 

with Hollandôs basic idea that the people constitute the environment, and has been used in 

previous research that attempted to characterize college environments (e.g., Harms, Roberts, & 

Winter, 2006). In order to have an additional check of the validity of the expert-rated program 

codes, we also incorporated occupationally-derived RIASEC codes for the study programs 

which were extracted from O*NET (e.g., for the program óClinical Psychologyô we used the 

O*NET RIASEC code for the occupation of óClinical psychologistô). O*NET is a U.S. database 

that contains information on hundreds of occupation-specific descriptors, including RIASEC 

codes. O*NET ratings were validated by Rounds et al. (1999) and have been used in previous 

studies on the structural validity of Hollandôs RIASEC model, also outside the U.S. (Will e, 

Tracey, Feys, & De Fruyt, 2014). Recall that the O*NET database contains occupational 
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RIASEC profiles, and that the aim of the SIMON-project is to construct a measure that aids in 

the process of study choice. Hence, this approach explores the possibility of using occupation-

level interest data to approximate the interest profile of corresponding study programs. A 

correspondence analysis of the three sources of program RIASEC codes (i.e., expert, empirical, 

and occupational) will be conducted for six different study programs. High correspondence of 

empirically obtained interest scores with O*NET job codes and expertsô program codes would 

provide extra validity for the SIMON-I feedback module.    

Finally, we will also evaluate the usefulness and face validity of the SIMON-I output 

by analyzing respondentsô level of agreement with their feedback reports. Remember that this 

feedback report consisted of both an interest profile and a list of study programs that fit with 

this profile based on matching RIASEC letter codes.  

Method 

Procedure 

SIMON-I was administered in an online Dutch version that automatically generated a 

feedback report consisting of an interest profile (RIASEC scale scores) and a list of 

corresponding higher education programs. Students across faculties and institutions were 

invited to fill out the inventory. Respondents were then invited to leave comments and to 

indicate their agreement with the received report (both the interest profile and the corresponding 

programs) on a scale from 1 to 5 (ñTo which extent do you agree with the generated profile?ò).  

Participants 

To be able to validate the output generated by SIMON-I, data from students in their last 

year of tertiary education were analyzed, based on the assumptions that students (a) gradually 

gravitate towards college majors that fit better with their interest profiles, and that (b) over time, 

students are also socialized in such a manner that study environments gradually reinforce and 

reward certain interest profiles. As a result of these two processes, students in their graduation 
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year are likely to have an interest profile that matches their program (Smart, 1997). Including 

data from students in their first years of education might distort the results since drop-out as a 

consequence of mismatch between interests and program is still probable at this stage. Thus, 

students in their final year of study were recruited across four different educational institutions 

(one of which offers academic programs and three of which offer programs in the vocational 

track). In total, 4588 higher education students accessed the assessment platform. Cases with 

more than 5% of missing values (nine items or more) were deleted, resulting in a final dataset 

of 3962 respondents. Of these respondents, 92.6% were enrolled in the academic track, 7.4% 

were enrolled in the vocational track and 68.5% were woman. In general, 50.8% of the student 

population in Flanders is enrolled in academic programs and 54.8% are woman (Ministerie van 

Onderwijs en Vorming, 2012), which means that our sample is more academic and more female 

than the general population of students. Given the nature of this research population (all 

students enrolled in their final year of tertiary education) we can be quite confident that the 

research participants are a homogeneous group of students aged between 21 and 23 years old. 

Results 

Structura l validity  

Descriptive statistics and internal consistencies of SIMON-I. 

Table 1 shows the number of items and the internal consistency of the subscales. 

Cronbachôs alphas in the sample ranged from .83 (Academic scale) to .93 (Social interest scale), 

which indicated good internal consistency. The underlying People/Things (P/T) and Data/Ideas 

(D/I) dimension scores were calculated according to the formula provided by Prediger (1982)2. 

This validated formula allows the transformation of RIASEC scores into two dimensions 

underlying the hexagonal structure of interests by using the Cartesian coordinates. The 

                                                           
2 The People/Things dimension: (2*R)+(1*I)+(-1*A)+(-2*S)+(-1*E)+(1*C) 
The Data/Ideas dimension: (0*R)+(-1.7*I)+(-1.7*A)+(0*S)+(1.7*E)+(1.7*C) 
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correlations between SIMON-I subscales and the underlying dimensions are presented in Table 

2.  

Evaluation of circumplex structure. 

To evaluate the circular structure of the proposed RIASEC scales, both confirmatory 

factor analysis (CFA) (Browneôs Covariance structure modelling approach, Browne, 1992) and 

randomization test of hypothesized order relations (RTOR) (Hubert & Arabie, 1987; Tracey & 

Rounds, 1993) were applied. The use of these two approaches to test circular structure is in 

accordance with suggestions by Nagy, Trautwein, and Lüdtke (2010), who also gave an 

excellent overview of the similarities and differences between these procedures. The circular 

structure was evaluated for the entire dataset and for men and woman separately.  

The CFA tests of model fit were conducted using the CircE-package in R (Grassi, 

Luccio, & Di Blas, 2010). This package allows the implementation of Browneôs approach and 

also provides a graphical representation of the results. The results of these structural analyses 

are shown in Table 3. For men, all fit indices indicated good fit of the data with the proposed 

circular model. For woman, results were mixed. RMSEA (>.08) indicated an unacceptable fit, 

while the other absolute fit indices SRMR (<.08) and AGFI (>.90) signaled a good fit of data 

with the proposed circular model. The incremental fit index CFI also indicated unacceptable fit 

(<.95). In the total sample, only RMSEA indicated unacceptable fit, all other indices showed 

good fit of the data with the circular model (Hooper, Coughlan, & Mullen, 2008; Tabachnick 

& Fidell, 2007). Thus, overall, results of CFA showed that the circular structure holds especially 

for men and for the entire sample. Furthermore, the spatial representation confirmed the 

theoretically expected RIASEC ordering in all samples, including the female sample. 
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Table 1 Descriptive statistics, internal consistencies and number of items of the SIMON interest inventory subscales 

 Activities  Occupations  Total 

 N items M SD Ŭ  N items M SD Ŭ  N items M SD Ŭ 

R 14 16.97 22.51 .87  9 20.12 24.12 .79  23 18.21 21.87 .91 

I 15 38.52 21.98 .74  14 27.50 24.37 .83  29 33.27 21.64 .88 

A 13 34.62 26.79 .83  13 29.83 27.69 .86  26 32.35 25.95 .91 

S 18 45.71 28.85 .89  10 37.26 29.67 .83  28 42.80 28.11 .93 

E 13 57.91 39.61 .88  11 29.63 27.15 .83  24 37.88 27.42 .92 

C 14 30.19 27.06 .86  9 18.19 23.06 .79  23 25.53 23.72 .90 

Ac  - - - -  - - - -  11 53.20 30.10 .83 

 

Table 2 Scale and dimension intercorrelations 

 R I A S E C Ac D/I P/T 

R 1 ,48**  ,17**  -,19**  ,22**  ,31**  ,25**  -.03 .62**  

I  1 ,23**  ,08**  ,01 ,15**  ,58**  -.42**  .36**  

A   1 ,39**  ,22**  -,02 ,18**  -.46**  -.42**  

S    1 ,12**  -,04* -,02 -.17**  -.78**  

E     1 ,66**  ,20**  .67**  -.15**  

C      1 ,25**  .70**  .25**  

Ac       1 -.10**  .13**  

Data/Ideas        1 .09**  

People/Things         1 

Note. ** Correlation is significant at the 0.01 level (2-tailed).  

D/I = Data/ideas. A negative correlation with D/I indicates a positive relation with the Ideas dimension.  

P/T = People/Things. A negative correlation with P/T indicates a positive relation with the People dimension.  
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The software package RANDALL (Tracey, 1997) was used to conduct RTOR analyses. 

Hollandôs theory postulates that correlations between adjacent scales (e.g., R and I) should be 

higher than correlations between alternate scales (e.g., R and A) and correlations between 

opposing scales (e.g., R and S) should be lowest. This results in a total of 72 order predictions, 

and RTOR evaluates the percentage of predictions that are met based on the available data 

(Tracey & Rounds, 1993). The result of this test is commonly expressed by a correspondence 

index (CI) which varies between -1 (no order predictions were confirmed) to +1 (all order 

predictions were confirmed). Rounds and Tracey (1996) provide benchmarks (CI=.70 for U.S. 

samples and measures and CI=.48 for international contexts) to compare the magnitude of 

model-data fit. The results of the current study (see Table 4) indicated good model fit for the 

total sample (CI = .83, p = .017), as well as for men (CI = .97, p = .017) and woman (CI = .81, 

p = .017) separately. All CI values exceeded the U.S. benchmarks, which further substantiates 

that the data in all samples fit the circular order. 

 

Table 3 Overview circumplex goodness of fit indices 

 RMSEA 90% CI 

RMSEA 

SRMR AGFI CFI df p 

Men .05 .04-.07 .02 .98 .99 2 20 

Woman .10 .09-.12 .06 .93 .94 3 20 

Total  .10 .09-.11 .06 .93 .95 4 20 

Note. RMSEA = root mean square error of approximation; CI = confidence interval; SRMR = 

standardised root mean square residual; AGFI = adjusted goodness-of-fit statistic; CFI = 

Bentler comparative fit index;  df = degrees of freedom; P = parameters. 
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Table 4  Randomization test of hypothesized order relations 

 Predictions   

Group Met Tied Correspondence 

Index 

p 

Men 70 2 .97 .017 

Woman 65 0 .81 .017 

Total 66 0 .83 .017 

 

Gender differences. 

As previous research on Hollandôs interest dimensions has systematically shown gender 

differences in RIASEC interest scores (Su et al., 2009), specific attention was given to these 

differences and to the possible occurrence of gender bias in the developed scales. To establish 

whether there is an overall effect of gender on interest scores, discriminant analysis was used 

because of the interdependence of interest dimensions. In this analysis, all seven interest scales 

were considered simultaneously. The analysis was complemented with univariate tests to 

specify the contribution of each interest type, as advised by Borgen and Seling (1978). 

Discriminant analysis indicated that overall, there are gender differences in scale scores (Wilksô 

Lambda = .698, Chi square (7) = 1423.71, p < .01)). Independent samples t-tests showed gender 

differences on all seven scales (see Table 5). Specifically, men scored higher on Realistic, 

Investigative, Enterprising and Conventional interests while woman favored Artistic and Social 

interest dimensions. Men also obtained a higher score on the Academic scale compared to 

women. The two largest differences between men and women were found for Social and 

Realistic interests (Cohenôs d = -.93 and Cohenôs d = .86 respectively). This gave rise to a large 

effect size of 1.06 for the underlying P/T dimension. Men and women also differed on the D/I 

dimension, albeit to a lesser extent (Cohenôs d = .40). 
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Table 5  Gender mean differences in interests: mean, standard deviation, univariate F and 

Cohenôs d 

 Men M (SD) Woman M (SD) F (1,3960) d 

R 31.03 (25.78) 12.30 (16.79) 489.78* 0.86 

I 36.76 (23.15) 31.66 (20.72) 28.52* 0.23 

A 27.55 (24.05) 34.56 (26.49) 33.21* -0.28 

S 26.90 (22.48) 50.14 (27.40) 148.27* -0.93 

E 45.21 (28.42) 34.50 (26.28) 21.61* 0.39 

C 32.22 (25.51) 22.45 (22.18) 81.27* 0.41 

Ac  61.27 (28.92) 49.47 (29.91) 7.35* 0.40 

Data/Ideas  22.30 (101.53) -15.78 (89.21) 59.32* 0.40 

People/Things  4.49 (90.72) -90.63 (88.57) .89* -1.06 

* p < .001  

 

Differential item functioning (DIF) was tested to investigate the extent to which the 

observed gender differences reflect a real difference between men and woman or whether they 

are an effect of gender bias in the items of the newly constructed scales. SIBTEST (Shealy & 

Stout, 1993) was used for this purpose, which is an item response theory based procedure. In 

this approach, a so called valid subtest is used as an estimate of the target trait being measured 

and the DIF test evaluates how the items differ in their performance in the two groups that are 

being compared by conditioning them on the trait level of the examinees. The procedure 

examines whether the resulting DIF statistic (ɓ) is significantly different (p < .001) from 0 and 

which group (men or women) is being favored (Einarsdóttir & Rounds, 2009). The results in 

Table 6 indicate that half of the interest items showed significant DIF.  

Importantly, for the Investigative, Artistic, Social, Enterprising, Conventional and 

Academic interest scales, there is an approximately equal number of items that favor men and 

women. For the Realistic scale, 4 items favor women as opposed to 8 items favoring men. 

Concerning the overall level of DIF, it can be noted that only the Investigative scale has beta 

values that are considered high (> .200 as in Einarsdóttir and Rounds (2009)).This indicates 
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that although there is gender bias in many of the interest items, this bias does not systematically 

affect the interest scale scores of one specific group.   

 

Table 6  Number and percentage of items showing DIF for the SIMON-I scales 

                Scale N  Differential item functioning ( ) 

N items 

showing 

DIF 

% items 

showing 

DIF 

Favor women   Favor men 

N M ( )  N M ( ) 

R 23 12 52 4 0,161  8 -0,127 

I 29 14 48 7 0,255  7 -0.252 

A 26 19 73 9 0,132  10 -0,121 

S 28 11 39 5 0.115  6 -0.124 

E 24 12 50 7 0.125  5 -0.138 

C 23 9 39 4 0.128  5 -0,099 

Ac 11 7 64 4 0.124  3 -0,160 

 

Criterion validity of the Academic scale 

Validation evidence for the óAcademicô scale was obtained by comparing mean scores 

on this scale between students enrolled in academic programs with those of students in 

vocational programs. We conducted these comparisons both across and within different fields 

of study.  

To check whether the óAcademicô scale differentiates between academic or vocational 

interests across fields of study, an independent samples t-test was performed to assess a global 

difference in academic interests between respondents from academic programs and those 

enrolled in vocational programs. A significant difference was observed, t(3960) = 8.40, p < 

.001. Students in the academic track had a mean score of 54.24 (SD = 30.05), while students in 

the vocational track scored on average 40.06 (SD = 27.55), indicating that the Academic scale 

was able to differentiate between students in the academic and in the vocational track (Cohenôs 
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d = .49). By way of comparison, Cohenôs d effect sizes for the six RIASEC scales were -.16, 

.46, .05, .38, .00 and -.10 respectively. 

Because of the relatively high correlation between the Academic scale and the 

Investigative scale (r = .58, p < .001), we performed additional analyses to substantiate the 

added value of this newly developed scale. To this aim, we first performed a new independent 

samples t-test on the subgroup of respondents whose primary (i.e., highest) interest score was 

Investigative. The results indicated that even within this subgroup, the Academic scale was able 

to differentiate between students in an academic (M = 68.21, SD = 26.82) versus a vocational 

(M = 54.00,  SD = 24.56) track  (t(716) = 3.14, p < .01). Second, a hierarchical logistic 

regression analysis predicting the likelihood of enrollment in either the vocational or the 

academic track, showed incremental predictive validity of the Academic scale over and above 

Investigative scale scores (ɢĮ(1) = 16.65, p < .001). 

Similarly, independent samples t-tests within the same field of study showed significant 

differences in Academic scale scores between students enrolled in academic versus those 

enrolled in vocational programs. For example, óChemistryô is offered both as a type A and a 

type B program. Although both programs share the same RIASEC program code (i.e., óIRô), 

there is a significant difference in scores on the Academic scale between students enrolled in 

the academic track (M = 76.19, SD = 17.65) and those enrolled in the vocational track (M = 

45.38, SD = 27.69) (t(33) = -3.79, p < .01). To give another example, a similar difference was 

found between students from the academic óEconomical Sciencesô program (M = 81.36, SD = 

25.36) and those from the vocational óCompany Managementô program (M = 45.12,  SD = 

26.38) , (t(71) = -5.45, p < .001), despite their corresponding RIASEC interest code (i.e., óECô). 
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Output evaluation 

Correspondence analysis of study program RIASEC codes. 

The expert-rated study program RIASEC codes that complement the SIMON-I interest 

profiles were validated by investigating their level of correspondence with (a) the mean 

RIASEC interest scores of respondents enrolled in these programs (i.e., the empirical program 

codes) and (b) the O*NET RIASEC codes of occupations corresponding to these study 

programs. Note that this analysis was restricted to a set of six different study programs that 

were selected based on (a) the theoretical positioning across the interest circumplex (i.e., one 

program for each of the six key points of the Holland interest hexagon) and (b) on the highest 

response rates within the respective interest types: Civil Engineering (Realistic), 

Bioengineering (Investigative), Languages (Artistic), Clinical Psychology (Social), Economy 

(Enterprising) and Medical and Health Care Management (Conventional). Corresponding job 

titles (i.e., biochemical engineer, civil engineer, clinical psychologist, interpreters and 

translators, economist and medical and health care manager) were searched through O*NET 

Online and the RIASEC codes for these job titles were retrieved from the O*NET database. To 

make the comparison between these three corresponding study program codes (i.e., expert-

rated, empirical, occupational), a range of congruence indices are available (see e.g., Spokane, 

1985). For the present study, we chose to use the C-index (Brown & Gore, 1994) because of (i) 

its consistency with Hollandôs theory, (ii) its normal distribution, and (iii) the ease of calculation 

and interpretation. Since experts assigned two-letter codes to programs as opposed to three-

letter codes in the O*NET database, we use the modified C-index as proposed by Eggerth and 

Andrew (2006). This modified C-index allows comparison between Holland code profiles of 

less than three letters in length and is obtained by sequentially comparing the first and second 

letters in both codes. Comparison is based on the hexagonal distance between the letters. C 

ranges between 0 and 18, with higher scores indicating higher congruence.  C is symmetrically 
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and normally distributed, with a theoretical population mean of 9. Table 7 summarizes the 

results of this correspondence analysis. 

Before comparing the empirical program codes with O*NET and expert-generated 

codes, we inspected the mean SIMON-I interest scores across the six study programs. A one-

way multivariate analysis of variance (MANOVA) indicated that, in general, students within a 

certain program indeed scored higher on the interest domain that corresponds with the 

theoretical position of that program in the hexagon. Specifically, post-hoc Tukey tests indicated 

that the highest score on Realistic was found for Civil Engineering (F(5,1479) = 122.10, p 

<.001); the highest score on Investigative for Bioengineering (F(5,1479) = 83.14, p <.001); the 

highest score on Artistic was for Languages (F(5,1479) = 72.74, p <.001); the highest score on 

Social was for Clinical Psychology (F(5,1479) = 214.05, p <.001) and the highest score on 

Enterprising was for Economy programs (F(5,1479) = 146.76, p <.001). There was only one 

exception: students in Health Care Management and Policy had higher Conventional scores 

than students from four programs, but lower scores than students from Economy programs 

(F(5,1479) = 251.07, p <.001). In general, these results indicate that SIMON-I meaningfully 

differentiates between students from theoretically different fields of study. 

The agreement between O*NET codes and empirical program codes was significantly 

higher than the mean of 9 for Languages programs (C = 13.97, t = 20.69, p < .001), Health Care 

Management and Policy (C = 12.48, t = 9.80, p < .001), Bioengineering programs (C = 11.56, 

t = 8.49, p < .001) and Civil Engineering (C = 10.95, t = 4.35, p < .001). The agreement with 

O*NET RIASEC codes was not significantly different from the mean for Clinical Psychology 

(C = 8.93, t = -.42, p = .67). For Economy programs (C = 7, t = 14.21, p < .001), the agreement 

was lower than the mean. Since O*NET contains occupational information whereas expert 

codes were specifically given with study programs in mind, we expected the overall congruence 

with expertsô ratings to be higher. This was confirmed: All C-indexes comparing empirical with 
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Table 7 Comparison of mean SIMON RIASEC codes across study programs with O*NET RIASEC codes 

Theoretical 

position 

O*net job title N Field of study/Major R 

M (SD) 

I  

M (SD) 

A 

M (SD) 

S 

M (SD) 

E 

M (SD) 

C 

M (SD) 

O*NET  Experts  

          Code     Mean 

C-

index 

 Code Mean C-

index 

R Civil engineer 82 Civil Engineering 49.98 

(24.75) 

41.16 

(23.66) 

25.66 

(24.25) 

19.46 

(20.93) 

40.16 

(24.96) 

31.62 

(24.15) 

RI 10.95*  IR 10.54* 

I Biochemical 

engineer 

224 Bioengineering 38.40 

(24.4) 

52.82 

(19.24) 

24.69 

(22.42) 

25.04 

(22.19) 

35.72 

(24.72) 

26.54 

(20.76) 

IR 11.56*  IR 11.56* 

A Interpreters 

and translators 

233 Languages: 

Interpreter, translator, 

multi-Linguistic 

Communication and 

Languages 

8.06 

(12.51) 

23.64 

(17.96) 

55.74 

(22.83) 

46.18 

(24.34) 

33.87 

(24.66) 

14.06 

(15.77) 

AS 13.97*  AS 13.97* 

S Clinical 

Psychologist 

351 Clinical Psychology 8.71 

(12.57) 

30.82 

(19.90) 

40.55 

(26.90) 

69.48 

(18.73) 

25.78 

(22.00) 

11.08 

(13.60) 

IS 8.93  SA 14.83* 

E Economist 475 Economy: Applied 

Economic Sciences, 

Economic Sciences, 

Business 

Administration 

22.64 

(22.59) 

23.88 

(17.74) 

23.69 

(21.82) 

25.93 

(22.21) 

65.06 

(21.97) 

53.66 

(22.58) 

IC 7.00  EC 14.07* 

C Medical and 

health care 

managers 

120 Health Care 

Management and 

Policy 

16.40 

(19.70) 

34.59 

(21.05) 

27.77 

(24.78) 

52.72 

(23.55) 

57.51 

(22.21) 

48.12 

(24.07) 

EC 12.48*  SE 12.14* 

Note: * C-index significantly higher than the population mean (which is 9 as the C-index is normally distributed). 
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expert codes were significantly higher than the mean of 9. Bioengineering and Language 

programs were assigned the same letter code by experts as by O*NET, and had thus the same 

C-index. Civil Engineering programs showed slightly lower congruence with the experts code 

than with the O*NET code (C = 10.54, t = 3.49, p < .001). Health Care Management and Policy 

programs (C = 12.14, t = 10.13, p < .001), Economy programs (C = 14.07, t = 29.42, p < .001) 

and Clinical Psychology programs (C = 14.83, t = 36.41, p < .001) had higher congruence with 

expertsô ratings.  

A one-way multivariate analysis of variance (MANOVA) was conducted to test the 

hypothesis that respondents from different programs scored significantly higher on the interest 

scale that corresponds to the theoretical position of their study program on the circumplex. In 

other words: do Civil Engineering students score higher on the Realistic scale, Bioengineering 

students higher on the Investigative scale and so on. Results and post hoc-tests confirmed this, 

with the exception of Health Care Management and Policy in which respondents scored 

significantly higher on the Conventional scale than students from four other programs, but 

lower than respondents from Economy programs. 

Respondent agreement with suggested feedback. 

Respondents were asked to indicate their agreement with the received results (both the 

interestsô profile and the corresponding programs) on a 1 to 5 scale (ranging from ñI completely 

disagreeò to ñI completely agreeò). 1367 respondents indicated their agreement with the 

interest profile and 1358 respondents evaluated the suggested study programs. 75% of the 

respondents indicated to agree with the presented interest profile (score 4 or 5); 16.2% agreed 

moderately (score 3) and only 8.8% did not agree (score 1 or 2) with this part of the feedback 

report. The mean agreement score was 3.86 (SD = .91). Regarding the proposed study programs, 

55.5% of the respondents agreed (score 4 or 5); 21.9% agreed moderately (score 3); and 22.6% 

did not agree (score 1 or 2) with their feedback report. The mean agreement score was 3.41 (SD 
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= 1.08). We also explored whether these agreement scores were related to any of the interest 

scales measured by SIMON-I. Students who scored highest on the Social scale were most 

satisfied (M = 4.07); while those who scored highest on the Realistic scale were least satisfied 

(M = 3.67) with their interest profile. Agreement with the proposed study programs was not 

related to any of the interest scores. Overall, these results indicate that most respondents tended 

to agree with the profile that was generated by SIMON-I.  

Discussion 

The aim of this study was to document and validate SIMON-I and its feedback tool. 

SIMON-I is a new and freely available interest measure tailored to a target audience of students 

on the verge of selecting a higher education study program. The accompanying feedback tool 

aims to facilitate this choice process by providing respondents with a list of study programs that 

are matched to their interest profiles. SIMON-I also introduces a new academic-track-scale that 

deals with the often difficult choice between academic (tertiary-type A) versus vocational 

(tertiary-type B) programs. Overall, our findings speak for the validity and usefulness of 

SIMON-I and its feedback tool in the context of educational guidance and counseling.  

One of the features that makes Hollandôs interest model so appealing for test developers 

pertains to its structural assumptions (Nauta, 2010). Specifically, the well-defined position of 

the six personality and environment types across the interest circle enables the analysis of 

person-environment congruence, an element that is highly relevant for both career researchers 

and practitioners. The structural validity of SIMON-I was confirmed in the present study by 

evaluating the underlying circumplex structure using both CFA and RTOR. With CFA, several 

fit indices showed a good fit of the data with the circular ordering, especially in men. RTOR 

revealed good fit of the data with the circular structure in all samples.  

Our findings regarding gender differences in interest scores are largely in line with those 

reported by Su et al. (2009), showing that men generally scored higher on Realistic and 
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Investigative interests compared to women obtaining higher scores on Artistic and Social 

interests. Two findings in the present study, however, diverged from Su and colleaguesô meta-

analysis. First, SIMON-I did not reveal significant gender differences for Conventional 

interests, while Su et al. (2009) found women to score significantly higher on this scale. Second, 

contrary to the null findings reported by Su et al. (2009), SIMON-I did reveal significant 

differences between men and women in terms of Enterprising interests (i.e., men scoring 

higher), reaffirming earlier work in this area (e.g., Betz & Fitzgerald, 1987). Consistent with 

Su et al. (2009), the largest gender differences were found for the óPeople/Thingsô dimension 

with men favoring working with things and women preferring working with people. These 

findings can further be considered in the context of a broader field of research dedicated to the 

structural (in)variance of interest models across gender. Previous studies on this topic have been 

inconclusive (Beinicke, Pässler, & Hell, 2014), with some reporting structural invariance across 

gender (e.g., Darcy & Tracey, 2007; Nagy et al., 2010), and others providing evidence for 

gender differences in the underlying structure of interests (e.g., Hansen, Collins, Swanson, & 

Fouad, 1993). In the present study, even in women, several fit indices showed good fit of the 

data with the circular model. Also, the spatial representations confirmed the theoretically 

expected RIASEC ordering. Moreover, the CI values found with RTOR in this study exceeded 

U.S. benchmarks and CI values established previously in a Flemish population of higher 

education students that were assessed with a translation of Hollandôs Self-Directed Search. 

Specifically, Wille et al. (2014) used the Dutch authorized adaptation of the SDS to measure 

vocational interests in final year higher education students and observed a CI of .69 for this 

instrument. This could suggest that SIMON-I, with a CI of .83 for the total sample, is better at 

capturing the circular order of interests compared to the SDS in Flemish higher education 

students. 
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Findings regarding gender differences in interest scales also raise the question of gender 

fairness in interest inventories (Pässler, Beinicke, & Hell, 2014). The results of differential item 

functioning tests performed on SIMON-I indicated that many of the interest items indeed 

showed bias. Nevertheless, this bias was not systematically directed against either men or 

women in any of the scales. We are aware of the potential problems associated with confirming 

gender differences as a result of gender-biased interest scales. Therefore, data from additional 

samples will be used in future work to further explore whether there is a need to replace items 

(especially in the Realistic and Investigative domains) to obtain more gender-fair interest scales.  

The process of matching people to environments based on their interest profiles requires 

not only that personal interests are mapped (e.g., using an interest inventory) but also that 

environments are summarized in terms of their most prevalent interest-related characteristics. 

One of the objectives of SIMON-I was not only to determine studentsô RIASEC interest 

profiles, but at the same time to link this to a set of study programs with matching interest codes. 

In the absence of an existing classification scheme to describe study programs in terms of their 

most prevalent RIASEC characteristics, the current project departed from program expert 

ratings. In support of these ratings, data from six study programs showed that these expert-rated 

RIASEC program codes demonstrated good congruence with the average interest profiles of 

the students in these study programs, as indicated by significantly higher C-indexes than the 

theoretical mean. Importantly, a systematic comparison of studentsô interest profiles across 

programs showed that, with only one exception, SIMON-I meaningfully differentiates between 

students in such a way that interest scores mirrored the theoretical position of the programs in 

the hexagon. Further, the present study also included occupational RIASEC interest codes as 

an additional benchmark for the proposed study program codes. Using the interest codes of 

occupations that are closely aligned with study programs, we were able to demonstrate good 

levels of congruence for the study fields of Languages, Health Care Management and Policy, 
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Bioengineering and Civil Engineering. This thus indicates that the interest profiles of these 

study programs, as determined by the experts, showed strong resemblance (in terms of the 

RIASEC letter code) with the prescribed interest profiles of corresponding occupations, as 

listed in the O*NET system. There was moderate agreement between expert and occupational 

codes for Clinical Psychology. The lowest congruence was found for Economy programs (C=7). 

This result parallels findings of Harrington, Feller, and O'Shea (1993), who also established 

low similarity between empirical program codes and occupational codes in an Economics 

program. This suggests that there may be a discrepancy between the interest profile of students 

enrolled in Economics programs and that of people who are employed as economist.  

In addition to these psychometric evaluations, we were also interested in the way 

students perceived the interest profiles that were generated by SIMON-I. After all, this kind of 

interest assessment is primarily a process of self-exploration (Holland, 1997), and the surplus 

for test-takers is that they are presented with (a) structured feedback on personal motives that 

otherwise may risk to remain unnoticed (under the form of the RIASEC interest profile), and 

(b) concrete study advice (i.e., a list of possible study programs that align with their personal 

interests). Knowing that such information is well-accepted by test-takers is important because 

this may heighten the chances that the feedback is actually being taken seriously. Our findings 

showed that the majority of respondents indeed tended to agree with the interest profile (91.2%) 

and with the corresponding programs (77.4%) they received. These results are even more 

optimistic compared to recent work by Sverko, Babarovic, and Medugorac (2014) who reported 

that 56.3% of their university student sample found that the advice generated by their interest 

instrument described them well and another 37.5% was neutral. Although only a minority of 

the respondents in the present study did not agree with their feedback reports, further use and 

analyses of SIMON-I need to address this.   
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Finally, with SIMON-I we also introduced a new methodology helping students 

choosing between fields of study at either the academic or the vocational level. For this purpose, 

an additional interest scale was developed intended to measure what was labelled the 

óAcademic factorô. The underlying idea was that embarking on an academic track requires 

sufficient interest in study activities that are typical for all study programs at this level. In 

support of this new scale, results indeed indicated mean differences in scores on the óAcademicô 

scale between students enrolled in academic programs and those in vocational programs, 

confirming that this scale differentiates between students with more or less interests that are 

closely aligned to the academic track. Moreover, the analyses also showed that this Academic 

scale is also distinct from the conceptually related Holland Investigative interest scale. Where 

the Investigative scale measures the interest in a specific category of study fields where the 

focus lies on the analysis of physical, medical, or (bio)chemical data and processes, the 

Academic scale taps into preferences for academic study activities, irrespective of a specific 

field of interest. For example, the item óengrossing in a certain subject in order to write a 

research paperô refers to an academic activity that is important across all academic programs, 

ranging from Language (Artistic), and Psychology (Social) majors to Bioengineering 

(Investigative) study programs. 

Limitations and Directions for Future Research 

A number of limitations of this work should be acknowledged. First, the profiling of 

study programs needs more attention. As for now, an expert judgment method was used, by 

which vocational interest model experts generated RIASEC profiles of study programs. 

Although this judgment method has proven to be a reliable and valid method to describe study 

programs (Rounds et al., 1999), subject matter experts from all programs can provide 

supplementary and perhaps more fine-grained information in the future. Likewise, it would be 

of great value to add an óincumbent methodô (Rounds et al., 1999) to assign Holland codes to 
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programs. This implies the use of the empirically established scores per program to refine the 

profiles generated by experts. Some study programs only had moderate agreement with the 

proposed RIASEC codes. The mechanisms that are accountable for this moderate agreement 

require further inquiry.  

Second, more work is also needed on the Academic scale. Although there are general 

score differences between students in the academic and the vocational track, it is still necessary 

to test whether these differences apply to all fields of study. It is not unthinkable that students 

in specific vocational programs are more óAcademicô than students in particular academic 

programs. This requires more data from students enrolled in vocational programs.   

Finally, continued data gathering and analyses are warranted for the examination of 

additional psychometric test requirements, such as test-retest reliability and concurrent and 

predictive validity. For example, convergent validity evidence could be examined through 

simultaneous assessment of SIMON-I and widely used interest inventories such as the Self-

Directed Search (Holland, 1985). This might also shed light on the added value of SIMON-I. 

In the longer-run, the secondary education samples should be followed to investigate the 

validity of SIMON-I to predict study program choice and performance results. 

Conclusion 

SIMON-I circumvents important limitations of previously developed measures. It is a 

promising tool that encourages the exploration of study options when making a vocational 

choice, be it academic or more vocationally oriented. It is expected that this careful exploration 

of options will boost student success and retention and thus facilitate a smooth transition 

between secondary and higher education.  
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Appendix 

English translation of the SIMON-I questionnaire 

Part 1: Activities 

Mark the YES column for activities you enjoy to do or activities you would like to try. Mark the NO column 

for activities you would not like to do. If you really donôt know what the activity implies, skip the item. 

 

 Activity  YES NO SCALE 

1 Developing electronic systems   R 

2 Analysing the grammatical structure of a sentence   I 

3 Helping people with speech disorders   S 

4 Recruiting a job candidate   E 

5 

Monitoring the quality standards for food safety and 

hygiene 

  C 

6 Analysing and interpreting research results   Ac 

7 Repairing malfunctioning electrical equipment   R 

8 Carrying out laboratorial analyses   I 

9 Designing a poster for an exhibition   A 

10 Helping others with their personal problems   S 

11 Organising a conference   E 

12 Preparing financial reports   C 

13 Reading English language scientific articles*   Ac 

14 Being responsible for the maintenance of IT hardware   R 

15 Analysing statistics   I 

16 Designing webpages   A 

17 Developing council prevention campaigns   S 

18 Presenting new policy propositions   E 

19 Collecting quantitative and qualitative data   I 

20 

Engrossing in a certain subject in order to write a research 

paper 

  Ac 

21 Develop new methods for industrial production   R 

22 Treating diseases in animals   I 

23 Editing the sound and images for a movie   A 

24 Formulating education and training policies   S 

25 Drawing up the budgets   C 

26 Doing the follow up on building sites   R 

27 Analysing x-rays/brain scans   I 

28 Fit out a show room   A 

29 Sport guidance for children, the elderly, é   S 

30 

Formulate a theory about the differences between 

population groups 

  I 

31 Monitor quality standards   C 

32 Writing clear and logically structured texts   Ac 

33 Maintaining airplanes   R 

34 Investigating the impact of historical people   A 

35 Composing a work of music   A 

36 Providing guidance for victims   S 

37 Selling a product or service   E 

38 Calculating prices   C 

39 Distinguishing main issues from side-issues in a text   Ac 

40 Installing and maintaining computer servers   R 

41 Designing an advertising folder   A 

42 Providing information about the assistance for the poor   S 

43 Drawing up an organisational business or policy plan   E 

44 Checking bank transactions   C 

45 Starting studying without being asked for   Ac 

46 Developing windmill parks   R 

47 Prove a theorem   I 
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48 Analysing text structures   A 

49 Giving travel advice   S 

50 Negotiating contracts   E 

51 Drawing up a contract   C 

52 Looking up sources to give an idea a scientific basis   Ac 

53 Investigating chromosomal defects   I 

54 Writing scenarios   A 

55 Holding tests, questionnaires and in-depth interviews   S 

56 Screening the administration   C 

57 

Reading texts that include formulas, calculations and 

tables 

  Ac 

58 Working on a drilling rig   R 

59 Turning an idea into a film   A 

60 Giving care to patients   S 

61 Restructuring an organisation or company   E 

62 Checking the compliance of regulations   C 

63 Drawing conclusions from a mathematical table   Ac 

64 Excluding alternative explanations through experiments   I 

65 Designing the layout of a hospital   A 

66 Advising youngsters regarding their vocational choice   S 

67 Exploring new economic markets   E 

68 Drawing up the annual report   C 

69 Detecting mistakes in arguments   Ac 

70 Setting up a festival stage   R 

71 Developing a new medicine   I 

72 Writing a review   A 

73 Giving training in communication skills   S 

74 Starting up an enterprise   E 

75 Investigating a cost structure   C 

76 

Setting up, carrying out and evaluating an own research 

project 

  Ac 

77 Creating a technical drawing   R 

78 Putting theories in their historical and social context   I 

79  Creating an art piece   A 

80 Giving health advice    S 

81 Giving health and parenting education   E 

82 Calculating expenses   C 

83 Disassembling electrical appliances   R 

84 Comparing cultures   A 

85 Guiding minority groups on the job market   S 

86 Conducting a meeting   E 

87 Drawing up a timetable   C 

88 Measuring a lane   R 

89 Supporting and following up foster families   S 

90 Attracting sponsors   E 

91 Standing in front of a classroom   S 

92 Leading a team   E 

93 Managing a database   C 

94 Collecting soil samples   R 

95 Beginning a herbarium (a plant collection)   I 

96 Counseling underprivileged people   S 

97 Formulating a treatment plan   S 

98 Studying the physical endurance of athletes   I 

 

Part 2: Occupations 

Mark YES for professions you would like to practice or that you would like to try. Mark NO for professions 

you would not like to do. If you think a little bit, you probably know most professions. If you really donôt know 

what a profession entails, skip the item. 

 

Nr Occupation YES NO SCALE 
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1 Industrial designer   R 

2 Civil engineer   I 

3 Fashion designer   A 

4 

Policy advisor in political and international 

relations 

  E 

5 Recruitment and selection advisor   E 

6 Damage expert   C 

7 Agricultural technician   R 

8 Teacher   S 

9 Business economist   C 

10 Accountant   C 

11 Electrical engineer   R 

12 Biologist   I 

13 Art/music teacher   A 

14 Speech therapist   S 

15 Bank manager   C 

16 Landscape architect   R 

17 Physicist   I 

18 Editor   A 

19 Student counselor   S 

20 Tax supervisor   C 

21 Neurologist   I 

22 Policy advisor art and culture   A 

23 Educator   S 

24 Marketing manager   E 

25 Safety advisor   C 

26 Construction manager   R 

27 Historian   I 

28 Director   A 

29 Communication manager   E 

30 Manager (of a company)   E 

31 Judge   C 

32 Forester   R 

33 Researcher   I 

34 Graphic designer   A 

35 Psychologist   S 

36 Lawyer   E 

37 Notary   C 

38 Mathematician   I 

39 Art historian   A 

40 Social worker   S 

41 Politician   E 

42 Pilot   R 

43 Pharmacist   I 

44 Linguist   A 

45 Divorce mediator   S 

46 Journalist   A 

47 Structural engineer   R 

48 Lab assistant   I 

49 Photographer   A 

50 Nurse   S 

51 Advertising campaign manager   E 

52 Chemist   I 

53 Tax specialist   C 

54 Architect   R 

55 Artist   A 

56 Educational scientist   S 

57 Librarian   A 

58 Philosopher    I 

59 Representative   E 
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60 Geneticist   I 

61 Interior designer   A 

62 Estate agent   E 

63 Physiotherapist   S 

64 Meteorologist   I 

65 Sales manager   E 

66 Statistician   I 

* item specific for students from non-English speaking countries 
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Chapter 4: Basic mathematics test predicts statistics achievement and overall first year 

academic success3 

Abstract 

In the psychology and educational science programs at Ghent University, only 36.1 % 

of the new incoming students in 2011 and 2012 passed all exams. Despite availability of 

information, many students underestimate the scientific character of social science programs. 

Statistics courses are a major obstacle in this matter. Not all enrolling students master the basic 

mathematical skills needed to pass statistics courses. Therefore, we propose a test that measures 

these skills. Our aim is to examine the predictive validity of the test with regard to the statistics 

course and also as to overall academic success. The results indicate that a test of very basic 

mathematics skills helps to identify at-risk students at and before the start of the academic year. 

The practical implications of these results are discussed. The test aids the efficient use of means 

for remedial interventions and supports future students in choosing a higher education program 

that suits their potential. 

  

                                                           
3 Fonteyne, L., De Fruyt, F., Dewulf, N., Duyck, W., Erauw, K., Goeminne, K., Lammertyn, J., Marchant, T., 

Moerkerke, B., Oosterlinck, T., Rosseel, Y. (2014). Basic mathematics test predicts statistics achievement and 

overall first year academic success. European Journal of Psychology of Education, 1-24. doi:10.1007/s10212-014-

0230-9 
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Introduction  

Success rates in higher education are low. The Organization for Economic Co-operation 

and Development reported that at this level (over 19 OECD countries) 31% of tertiary education 

students failed to complete a program (OECD and Indicators, 2008). Moreover, the costs of 

student dropout are high. For example, the Flemish governmentsô average annual cost per 

student is $16,000 (Cantillon et al., 2005). Therefore, governments, institutions, and students 

are in search of factors that can help determine whether someone will pass or not. Attrition 

problems are manifest worldwide, but the open access policy of the Flanders educational system 

poses additional challenges. Therefore, before discussing the determinants for academic 

achievement in the literature, a short framing of the specific Flemish educational context is in 

order. 

The Flanders Education System: Structure and Admission 

There are four types of secondary education (SE) programs in Flanders. The first, 

general SE (GSE), has an emphasis on broad general education and provides a solid foundation 

for higher education. Second, technical SE (TSE) emphasizes general and technical matters and 

prepares for a profession or to still pass on to higher education, which is less frequent. Third, 

secondary arts education (ASE) combines a broad general education with active arts practice. 

Finally, vocational SE (VSE) is a practice-oriented education in which young people learn a 

specific profession (Education in Flanders, 2008). 

Flemish higher education could be described as binary (Arum et al., 2007). It consists 

of two main types of programs: academic and professional. Academic programs are mainly 

organized by universities, whereas university colleges provide professional programs with an 

emphasis on executive skills. The professional programs lead to a bachelor degree and 

correspond to the Bologna first cycle programs of 180 European Credit Transfer and 

Accumulation System (ECTS) (The Bologna Declaration, 1999). Academic programs also lead 
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to a bachelor degree at first, but the finality is to complement this degree by a master. Academic 

programs thus correspond to the Bologna two-cycle programs (for a detailed description of the 

higher education system in Flanders, we refer to Kelchtermans and Verboven (2008)). 

Although some SE programs do not typically prepare for higher education, students can 

enter almost all tertiary education programs when they obtained a degree from any of these four 

SE programs. There is no numerus clausus, there are no requirements on the grades obtained 

during SE for access to higher education, and there are, with the exception of medical and 

artistic programs, no entrance exams. Moreover, there is a policy of high subsidies and very 

low tuition fees (Kelchtermans and Verboven, 2008), which are typically less than $800/year. 

These measures aim to guarantee socially fair access and improve participation in higher 

education but have the disadvantage that the first year of university is typically a ñselection 

year.ò In general, after 1 year of studying, not even half of the newly enrolled students pass 

(Rombaut, 2006). As mentioned, this implies a high cost for students, parents, institutions, and 

the government (Declercq and Verboven, 2010). 

Educational Background and Student Success 

Because the system is open to anyone who has completed SE, virtually all programs 

show a large heterogeneity in SE backgrounds of new incoming students. For example, the 

amount of mathematics instruction in SE varies between 0 (in VSE programs) and 8h (in some 

GSE programs) per week. This heterogeneity is reflected in the differences in passing rates, 

especially in academic bachelor programs which have a focus on research and scientific skills 

and knowledge. Students with a VSE degree are consistently less successful than those with a 

general degree, with success rates of students with technical and arts degrees fluctuating 

between these extremes (Declercq and Verboven, 2010; Rombaut, 2006; Ministerie van 

Onderwijs en Vorming, 2009; Netwerk studie- en trajectbegeleiding Universiteit Gent, 2012). 

Even within the group of students with a general secondary degree, there are major differences 
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in higher education success rates. Students with a general degree focusing on classical 

languages, mathematics, and science tend to outperform students with a general degree that 

focuses on modern languages or social sciences. 

The average success rate of newly enrolled students at the Faculty of Psychology and 

Educational Sciences of Ghent University (during the academic years 2005ï2006 to 2008ï

2009) is 49.5% (Netwerk studie- en trajectbegeleiding Universiteit Gent, 2012). During the 

academic years 2011ï2012 and 2012ï2013, only 36.1% of these new students passed all exams 

successfully. So, rates are dropping. 

One of the contributing factors to these low success rates is a suboptimal knowledge of 

what academic programs entail. Many students seem to underestimate the scientific character 

of programs in the social sciences. Especially statistics courses are a major obstacle in this 

matter. For example, Murtonen and Lehtinen (2003a, b) showed that social science students 

rated statistics courses as the most abstract and difficult subject. Many of these students felt that 

they were non-mathematical persons and as such could not learn mathematical subjects. Some 

students were even convinced that no relevant information in human sciences can be obtained 

through quantitative methods. 

On the other hand, educational background does not explain completely why some 

students pass and others do not. For example, a lot of students succeed despite the fact that they 

come from SE programs that do not prepare them specifically for (academic) tertiary education. 

This might be the result of the fact that not only cognitive factors contribute to the choice of SE 

schooling, but also social class (Werfhorst et al., 2003). Hence, the obtained secondary degree 

does not always reflect the ability of students to cope with the requirements of academic 

programs in general and the statistics courses specifically. So, there is a clear need not only in 

students, but also in student counselors and educators for information about studentsô initial 

competences and chances of success. 
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Statistics Courses in the Social Sciences 

Most graduate students enrolled in social and behavioral sciences programs worldwide 

are required to take at least one statistics course and/or a quantitative-based research 

methodology course as part of their program (Onwuegbuzie, 2003). It is widely acknowledged 

that statistics and quantitative methods courses cause problems (Murtonen and Lehtinen, 2003a, 

b), especially for students in social sciences, who generally have less interest and schooling in 

mathematical subjects. As a result, factors related to success in statistics courses have been the 

subject of research. 

As Lalonde and Gardner stated (1993), most of the variables that have been examined 

regarding the acquisition of statistical knowledge fall within three broad categories: anxiety, 

attitudes, and ability. 

Several scholars have addressed the influence of attitudes toward statistics (Budé et al., 

2007; Cashin and Elmore, 2005; Chiesi and Primi, 2010; Gal and Ginsburg, 1994; Schau et al., 

1995). The general conclusion of these studies is that more positive attitudes relate to better 

exam results (Vanhoof et al., 2006). The negative impact of statistics anxiety on performance 

has also been widely documented (e.g., Chiesi and Primi, 2010; Macher et al., 2011; Mellanby 

and Zimdars, 2010; Musch and Bröder, 1999; Vigil-Colet et al., 2008). 

In this study, we will focus on the third category: ability. Both very specific abilities, 

such as spatial visualization ability (Elmore and Vasu, 1980) and general abilities, such as 

intelligence, have been examined in relation to statistics achievement. Numerous studies have 

demonstrated a strong positive correlation between general intelligence and educational 

outcomes (Kuncel et al., 2004). In the current study, the primary concern was that seeing the 

influx of students with very dissimilar backgrounds, not all enrolling students master the basic 

mathematical skills needed to pass statistics courses and perhaps also to pass many other 
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courses that rely on empirical evidence and research. Mathematic ability is therefore the 

primary variable of interest in the current study. 

A few earlier studies have already addressed the importance of mathematical skills for 

achievement in statistics courses (Chiesi and Primi, 2010; Harlow et al., 2002; Lalonde and 

Gardner, 1993; Schutz et al., 1998). Garfield and Ahlgren (1988) pointed out that one of the 

reasons that students have difficulties grasping the fundamental ideas of probability is the fact 

that many students have underlying difficulties with rational number concepts and basic 

concepts involving fractions, decimals, and percentages. 

Mathematical skills have often been operationalized by previous mathematical 

achievement (e.g., Musch and Bröder, 1999; Onwuegbuzie, 2003; Tremblay et al., 2000; 

Wisenbaker et al., 2000). Others have constructed tests to measure mathematical skills (Harlow 

et al., 2002; Lalonde and Gardner, 1993; Schutz et al., 1998). More recently, Galli et al. (2011) 

and Johnson and Kuennen (2006) have created a specific test measuring basic mathematics 

skills. Both studies provide evidence of the significant contribution of these skills to predict 

results on statistics exams. Galli et al. (2011) found that students with low mathematical ability 

had significantly lower grades than students with a medium-high ability. Johnson and Kuennen 

(2006) found that students who answered all basic mathematics questions correctly were likely 

to earn a half to a full letter grade higher in an introductory business statistics course. 

Consequently, they raised the question whether basic math skills may be more important than 

previously recognized. Ballard and Johnson (2004) came to a similar conclusion with regard to 

an introductory microeconomics course. They found mastery of extremely basic quantitative 

skills to be the most important factor for course success, even more than American College 

Testing (ACT) math scores. 

None of these studies, however, examined the extent to which these measures 

discriminate between students passing their first year successfully and those who did not. In 
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social sciences programs at Ghent University, passing the first year is closely associated with 

passing the statistics exam: 85.3% of the students that did not pass the first year also failed the 

statistics exam. Since passing the statistics course is required to pass the first year, none of the 

students failing the statistics course passed the first year. Of the students that pass the statistics 

course, 79.2% passes the first year. Seventeen percent of the failing students pass all courses 

except the statistics course (there are 12 courses in the standard package of 60 ECTS credits). 

In other settings as well, students have been reported to view statistics courses as a major threat 

to the attainment of a degree (Onwuegbuzie, 1995). For many students at least, this seems to be 

not far from the truth. 

From Success in the Statistics Course to Overall Academic Success 

Observing the generally acknowledged relation between performance in statistics 

courses and general academic achievement in social science programs, it is surprising that 

studies examining this relation are, to our knowledge, non-existent. Math subscales of 

standardized tests (e.g., Scholastic Aptitude Test and ACT) link mathematical ability to 

academic achievement, but they might lack the specificity to assess mathematical ability 

necessary for statistics courses in non-mathematical majors (Galli et al., 2011). If basic 

mathematical skills contribute to the variance in statistics achievement and if there is a high 

correlation between statistics achievement and general achievement, the question rises whether 

a basic mathematics test can contribute to the prediction of general academic achievement. 

Our aim was to propose and validate an easy-to-administer test that measures basic 

mathematical skills considered vital to successfully take on an introductory statistics course in 

an academic bachelor program. This test was therefore not primarily aimed to discriminate 

between the better performing students. Because of the heterogeneity of new incoming students 

and the lack of standardized testing in the Flemish education system, this test could especially 

help identify at-risk students. In addition, we examined to what extent basic mathematical skills 
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predict overall academic success. To further substantiate this, we examined the relation between 

the mathematics test and success in non-mathematical courses. As such, this test may offer a 

valuable tool in the choice of a major in tertiary education. 

To summarize, our goal was twofold: 

1. Determining whether a basic mathematics test can predict academic achievement in statistics 

over and above SE background. Can we predict who will pass the statistics exam? 

2. Determining whether a basic mathematics test can predict general academic achievement 

over and above SE background. Can we predict who will pass the first year successfully? To 

further substantiate this, analyses of success in non-mathematical courses are added. 

Method 

Instruments 

Construction of the mathematics test: construct definition and item generation. To 

construct the mathematics test, two matters were considered: the mathematical skills that 

students are supposed to have acquired by the end of SE as described by the Department of 

Education in Flanders (ñVakgebonden eindtermen derde graad secundair onderwijs-ASOò) and 

the mathematical prerequisites for the introductory statistics course in the bachelors of 

psychology and educational sciences. The latter were evaluated by teachers and experts in the 

field of statistics and by faculty guidance counselors who had been administering informal tests 

of basic mathematical skills to first year students since 2 years. 

A pool of items was developed reflecting basic numerical mastery to be achieved after 

SE and reflecting prerequisites to enroll the introductory statistics course. These items can be 

subdivided in seven mathematical topics: numerical knowledge and the order of operations, 

operations with decimal numbers, operations with brackets, operations with fractions, algebra: 

working with unknown variables, percentages/proportions, and the rule of three. One example 

question is ñIf a runner runs on average 1 km in 5 min, how many has he run after 2 h?ò (see 
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Appendix for full 20-item scale). Question format was varied. Open questions, yes/no items, 

and multiple-choice questions were alternated. 

Reliability analysis of the currently studied sample showed a Cronbachôs alpha of .76, 

which shows that scores on the mathematics test were fairly reliable (Field, 2009). This 

coefficient is acceptable according to recommendations set forth for preliminary and basic 

research, and it is in line with the mean .77 alpha reported in previous studies (Peterson, 1994). 

To avoid cheating, the test was constructed in four different versions in which the 

sequence of items was varied. To guarantee comparability, the effect of item sequence was 

checked. An analysis of variance test shows that test scores did not differ across test versions 

(F(3,1935)=0.06, p=.98). Hence, all versions were aggregated for further analysis. 

Background variables. Information on the background variable SE diploma and 

number of hours of mathematics instruction in SE was obtained from the university database. 

Students were asked to give this information when enrolling for the first time at Ghent 

University. 

Achievement measures. The academic year in Flanders starts at the end of September 

and consists of two semesters. At the end of each semester, exams are organized that cover the 

courses taken during the past semester. This gives students a first chance to prove that they have 

acquired the contents of each course. In Flanders, grades in higher education vary between 0 

and 20, with a score of 10 as the passing criterion. If a student does not obtain a score of 10 or 

higher for the taken courses, he or she gets a second chance to pass the exam. Thus, students 

get two attempts at passing each course during one academic year. 

Grades were obtained from the university database. ñStatistics scoreò is the grade 

obtained in the introductory statistics course irrespective of the amount of chances taken on the 

exam. Statistics achievement was further operationalized as ñpassing statisticsò (a dichotomous 

variable that indicated whether a student obtained a grade of 10 or higher or not). Results on 
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two non-mathematical courses were also analyzed. The introductory psychology course 

(ñpassing psychologyò) and the sociology course (ñpassing sociologyò) were selected because 

of their inclusion in both the psychology and the educational science program, and because 

these are not methodological or statistical and are introductory courses in the field of study that 

students signed up for. The contents should therefore be closely aligned to the studentsô 

interests. 

General achievement was operationalized as ñgeneral success rate (GSR)ò which is the 

ratio of the number of credits that a student obtained over the number of credits that he or she 

subscribed for. Thus, a GSR of 100 means that the student passed all enrolled courses. This rate 

was further dichotomized as ñpassing the first yearò (yes or no). 

Data Collection 

The paper-and-pencil test was administered in the second week of the academic year 

during the introductory statistics class. The advantages of this early administration were 

threefold. First, in the second week of the academic year, dropout was non-existent or at least 

very low. Secondly, class attendance decreases as the semester advances (Van Blerkom, 1992). 

Thirdly, as the semester advances, students gain knowledge and skills that might bias our 

measures of initial competence and, therefore, confound predictive validity. Thus, assessments 

early in the semester positively impacted the response rate, and results on the mathematics test 

were less contaminated by skills and knowledge gained throughout the academic year. All 

students attending the class were asked to fill out the test, and they were informed that results 

would be used only for research purposes. 

Participants 

In the academic years 2011ï2012 and 2012ï2013, 1,278 new students enrolled at the 

Faculty of Psychology and Educational Sciences. Of these students, 80.9% filled out the 

mathematics test, so responses of 1,034 students were analyzed. Eighty seven point two percent 
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of the sample were females. The proportion of female students is traditionally high in these 

majors, but this sample proportion was slightly higher than the proportion of female first-

generation students (84.6% in the academic years 2011ï2012 and 2012ï2013). Ninety seven 

point three percent of the sample was enrolled in the standard package of 60 ECTS credits. 

Procedure 

First, several t-tests were carried out to determine whether the samples 2011ï2012 and 

2012ï2013 differed significantly with regard to the dependent and independent measures. Next, 

we examined whether there was a significant relation between the test score and the outcome 

variables (passing statistics, passing psychology, passing sociology, and passing the first year) 

through correlational analysis and t-tests. Third, we conducted a preliminary analysis to 

determine whether the main outcome variables differed as a function of several background 

variables. If so, these variables were included in logistic regression analysis to determine 

whether our mathematics test could improve prediction of outcome above and beyond these 

background variables. Finally, sequential logistic regression was used to determine whether our 

mathematics test helped in the prediction of the outcome variables. 

Results 

Cohort Comparison 

To determine whether the cohorts of 2011ï2012 and 2012ï2013 differed significantly 

on the dependent and independent variables, independent t-tests were carried out. 

The t-tests showed that there were no significant differences in passing the first year 

between students from the 2011ï2012 cohort (M=.42, SD=.49) and those from the 2012ï2013 

cohort (M=.38, SD=.49) (t(1,027)=1.28, p=.20). There were no significant differences in 

passing the statistics course (t(1,025)=ī.68, p=.50), in passing psychology (t(1,024)=.01, p=1), 

or in passing sociology (t(1,011)=1.66, p=.10) between students from the 2011ï2012 cohort 

(M=.48, SD=.50; M=.77, SD=.42 and M =.68, SD=.47, respectively) and those from the 2012ï
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2013 cohort (M=.50, SD=.50; M=.77, SD=.42 and M=.63, SD=.48, respectively). Cohort 2011ï

2012 (M=3.54, SD= 1.68) and cohort 2012ï2013 (M=3.60, SD=1.50) did not differ with regard 

to the hours of mathematics instruction in SE (t(878)=ī.53, p=.60). Mathematics test score 

differences were also insignificant (t(1,032)=.77, p=.44) between cohort 2011ï2012 (M=14.85, 

SD=3.55) and cohort 2012ï2013 (M=14.68, SD=3.30). 

These tests indicated that there were no significant differences in outcomes, features, or 

test responses between cohorts. Thus, we felt safe to aggregate the data for further analyses. 

Descriptive Statistics and Bivariate Correlations 

Descriptive statistics of the mathematics test scores. Scores on the mathematics test 

varied between 2 and 20 with a mean score of 14.77 (SD=3.44). Skewness was ī.57 (SD=.08). 

Taking the rule of thumb that a skewness value more than twice its standard error indicates a 

departure from symmetry (De Laurentis et al., 2010), scores on the mathematics test were 

negatively skewed. This might indicate a ceiling effect, resulting in worse discrimination at the 

high end of the scale, which is plausible as the test aimed only to assess basic starting-level 

competences. Kurtosis (ī.16) was less than twice its standard error (.15), indicating that the test 

scores did not significantly differ from mesokurtic distribution. 

Descriptive statistics and correlational analysis. Table 1 provides descriptive 

statistics of other variables measured and included in the analysis. For all continuous variables 

(mathematics test score, statistics score, GSR, and hours of mathematics in SE), Pearson 

correlations are given. Point biserial correlations (rpb) are shown for the dichotomous outcome 

variables. The statistics course was passed by 48.8% of the sample, the psychology course by 

76.7%, the sociology course by 64.2%, and the first year successfully by 40%. 
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Table 1  Descriptive statistics and correlations 

Variable Mean SD Math 

test 

score 

Statistics 

score 

GSR Hours of 

math in 

SE 

Passing 

statistics 

Passing 

psychology 

Passing 

sociology 

Passing the 

first year 

Math test score 14.77 3.44 1.00 .43** .35** .37** .39** rpb .26** rpb .25** rpb .33** rpb 

Statistics score 7.70 5.10  1.00 .75** .32** .81** rpb .55** rpb .53** rpb .71** rpb 

GSR 71.42 33.18   1.00 .23** .73** rpb .76** rpb .71** rpb .71** rpb 

Hours of math instruction in SE 3.44 1.72    1.00 .28** rpb .19** rpb .11** rpb .26** rpb 

GSR general success rate, SE secondary education, rpb point biserial correlation 

** Correlation is significant at the 0.01 level (two-tailed) 

 

Table 2  Differences in passing (statistics course)  between SE diploma categories 

a. Differences in passing statistics course between SE diploma categories 

 GSE1 , GSE2, GSE3 GSE4 TSE, VSE, ASE Non-Flemish 

% Passing statistics per SE category 66.2% a 41% b 10% c 25% b, c 

% Failing statistics per SE category 33.8% a 59% b 90% c 75% b, c 

N 405 530 60 16 

     

b. Differences in passing the first year between SE diploma categories 

 GSE1 , GSE2, GSE3 GSE4 TSE, VSE, ASE Non-Flemish 

% Passing per SE category 57% d 31.9% e 4.8% f 12.5% e, f 

% Failing per SE category 43% d 68.1% e 95.2% f  87.5% e, f 

N 405 527 62 16 

Each letter denotes a subset of SE categories whose column proportions do not differ significantly from each other at the .05 level 
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An independent sample t-test 

showed that students passing the statistics 

exam scored significantly higher on the 

mathematics test (M=16.15, SD=2.96) than 

students not passing the statistics exam  

(M=13.44, SD=3.35) (t(1,025)=ī13.75, 

p<.01). Significant differences in math test 

score were also found between students 

passing (M=15.25, SD=3.23) and failing 

(M=13.11, SD=3.64) the psychology exam 

(t(1,024)=ī8.66, p<.01) and students 

passing (M=15.39, SD=3.16) and failing 

(M=13.60, SD=3.68) the sociology exam 

(t(1,011)=ī7.73, p<.01). Students passing 

the first year successfully also scored 

significantly higher on the mathematics test 

(M=16.16, SD=2.92) than those who did not 

(M=13.86, SD=3.45) (t(1,027)=ī11.55, 

p<.01). Figure 1 shows passed-failed 

distribution as a function of mathematics 

test score. 

   

 

Fig. 1.  Distribution of mathematics test 

scores and passed-failed categories of the 

statistics course (top) and the first year 

(bottom).
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