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Abstract

Predictive models of academic achievement are used in various (often high stakes)
applications, including selection and study orientation procedures for higher education. Considering
the far-reaching consequences of their outcomes, these models should show as little bias for
irrelevant factors as possible. While numerous studies have researched the impact of gender on the
isolated individual predictors of academic achievement, no studies yet have explored how gender
affects program-specific prediction models of academic achievement. As such, the present study
examined whether prediction models exhibit gender differences in the accuracy of their predictions,
and how such differences relate to the gender balance within a study program. Besides that, we
developed gender-specific prediction models of academic achievement in order to examine how
these models differ in terms of which predictors are included, and whether they make more
accurate predictions. Data was examined from a large sample of first year students across 16
programs in an open access higher education system (N = 5,016). Results revealed interactions
between gender and several predictors of academic achievement. While the models exhibited little
difference in the accuracy of their predictions for male and female students, analyses showed that
using gender-specific models substantially improved our predictions. We also found that male and
female models of academic achievement differ greatly in terms of the predictors included in their
composition, irrespective of the gender balance in a study program.

Keywords: gender differences; academic achievement prediction; higher education
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The prediction of academic achievement has been a field of interest within educational
research for over a century (Petrides et al., 2005), and even the first intelligence tests were
developed specifically for educational purposes (Binet, 1903). Ever since, a great deal of research has
focused on developing and improving prediction models of academic achievement by identifying and
testing a variety of predictors (Schneider & Preckel, 2017). Such models serve different practical
applications, depending on the educational context in which they are used. In an open access
system, there are no limitations based on previous achievement (e.g., no entry exams) (OECD, 2020).
In such a system, modelling future academic achievement is crucial for the development of study
orientation tools. These tools inform and support students in their study choice process by helping
them decide which study programs fit their interests, and whether they are attainable (Fonteyne,
Duyck, et al., 2017). In contrast, a closed access system has more strict admission procedures, such
as high-stakes testing, which is common in Anglo-Saxon education (e.g., the SAT: Scholastic Aptitude
test) (OECD, 2020). In such a context, predictive models of academic achievement are used for
selection procedures in higher education, where counseling offices make binding decisions on who
can or cannot enter their university (programs) (Kuncel et al., 2001).

Various cognitive, affective, and demographic factors are typically included in predictive
models of academic achievement (e.g., cognitive ability, academic self-efficacy, test anxiety, gender,
and many more) (Schelfhout et al., 2022). The variable of interest in this study is gender.
Importantly, sex and gender are not interchangeable constructs. The former is biologically
determined by one’s physical attributes (e.g., genitalia, hormones, ...) and is generally referred to as
a binary construct (i.e., male or female). The latter is socially determined, and concerns behaviors,
activities and societal roles typically associated with males or females. Gender is considered to be a
spectrum, but most studies only consider the most common gender identities, namely male and
female (Bass et al., 2018; Diamond, 2020; Torgrimson & Minson, 2005). As the gender construct
provides a more nuanced understanding of an individual’s identity and of the societal and cultural

influences that affect one’s experiences, whereas sex is a more limited construct in that regard
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(American Psychological Association, 2022), we have chosen to only consider gender in this study.
Research has reported gender differences in some of the predictors used in predictive models of
academic achievement. For instance, studies have shown that female students score higher on test
anxiety measures than their male counterparts (Cassady & Johnson, 2002; Nuiez-Pefa et al., 2016).
Over time, the literature has also reported some specific interaction effects of gender and a given
predictor on academic achievement that appear in such models (Mellon et al., 1980; Steinmayr &
Spinath, 2008). For example, research has shown that intrinsic motivation is a stronger predictor of
academic achievement for male students (Cortright et al., 2013; Freudenthaler et al., 2008).
Unfortunately, the majority of research has studied such effects in isolation, only looking at one
factor and its interaction with gender, not controlling for the myriad of other supposedly important
predictors of academic achievement. No studies yet have researched whether gender also affects
the predictive value of such factors in the context of comprehensive prediction models of academic
achievement. Examining the interactions between gender and predictors of academic achievement
in this framework is valuable, as prediction models allow us to account for the complex
interrelationships among a system of variables (Ruban & McCoach, 2005). Thus, based on the
literature regarding the interaction effects between gender and separate predictor values, the first
research goal of the present study is to further evaluate the effect of gender in the context of
prediction models of academic achievement.

As mentioned earlier, predictive models of academic achievement are used in several high-
stakes applications, such as study orientation and selection procedures. If gender actually affects the
composition of these prediction models or the accuracy of its predictions, the current models fail to
take this into account. As a result, students’ projected academic achievement could be over- or
underestimated, which could lead to students being oriented towards or selected for the wrong
majors. This could hold disadvantageous repercussions for their career in postsecondary education.
An example of such a gender bias was reported in the study by Tulbure and Gavrilla (2019), who

reported a high frequency of overachievement in women, and a high frequency of
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underachievement in men, based on what could be predicted by intelligence tests. Such effects
could be due to real gender differences in study motivation (Freudenthaler et al., 2008), but also to a
previously undetected interactions effects of gender with predictors in models of academic
achievement. Our second research goal is thus to explore whether predictive models of academic
achievement exhibit gender differences in the accuracy of their predictions.

Besides gender bias in predictions of academic achievement, there have also been reports of
gender bias in study interest orientation tools. Indeed, studies have shown that there are not only
substantial gender differences in predictor values, but also in the study choice process (Schelfhout et
al., 2021; Stoet & Geary, 2020). For instance, Schelfhout and colleagues (2021) reported that
females (vs. males) have more explicit knowledge about their profile of vocational interests and they
also use this knowledge more explicitly. Furthermore, research has shown that study choices for the
field of science, technology, engineering, and mathematics (STEM) are less determined by STEM
preparation (e.g., knowledge of mathematics) for females, as they evaluate their cognitive
capabilities much more modestly than men (Buchmann et al., 2008; Nix et al., 2015; Schelfhout et
al., 2021). In sum, gender affects to what extent various cognitive and affective factors play a role in
the study choice process. Subsequently, the third research goal of the present study is to explore
whether gender also affects which factors are included in predictive models of academic
achievement.

If it appears that gender does indeed affect the composition of the factors included in such
prediction models, it is crucial to assess whether gender-specific prediction models of academic
achievement would allow for more accurate predictions. Therefore, our fourth research goal is to
compare the predictions of gender-specific models and general prediction models. Finally, our fifth
and final research goal is to examine how the results of our second, third and fourth research goal
relate to the gender imbalance in a study program.

Effects of Gender on Predictors of Academic Performance
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Research has identified a main effect of gender on a variety of predictors. The first research
goal of the present study is to add to the existing scientific evidence by evaluating the effect of
gender as a predictor and its subsequent interactions with other predictors of academic
achievement. These predictors can be subdivided into three main categories: cognitive variables,
affective variables, and demographic data (Richardson et al., 2012). First, cognitive measures include
skills that refer to our ability to comprehend, process and work out complex ideas. These skills are
used in writing, reading and numeracy, among others, and are typically compiled under the term
‘cognitive ability’ (Pierre et al., 2014; Rohde & Thompson, 2007). Second, affective measures refer to
socio-emotional skills that are developed and socially determined over the course of our life.
Variables such as personality and motivation are examples of the factors included in this category
(Fonteyne, Wille, et al., 2017; Pierre et al., 2014; Schneider & Preckel, 2017). Finally, demographic
data includes information on student’s background characteristics that may also influence academic
achievement (e.g., gender, migration status, language, ...) (Richardson et al., 2012).

Cognitive Predictors

Research shows that the correlation between cognitive ability (often operationalized as
intelligence) and academic success ranges from r = .30 to r = .70, making cognitive ability one of the
strongest predictors of academic achievement (Kriegbaum et al., 2018; Petrides et al., 2005; Rohde
& Thompson, 2007; Roth et al., 2015). While most studies agree that there are no main effects of
gender on general cognitive ability (Naderi et al., 2010), research on the interaction effect between
gender and general cognitive ability on academic achievement is rather mixed. While Ruffing and
colleagues (2015) report that cognitive ability is a stronger predictor of academic performance for
men, other studies contradict the existence of interactions between gender and general or domain-
specific intelligence in the prediction of academic achievement (Freudenthaler et al., 2008; Spinath
et al., 2014). Spinath and colleagues (2014) for example, reported that females’ better school
performance cannot or can only partly be explained by their better verbal abilities. Similarly, male

students’ advantage in numerical abilities cannot or only partly account for their better scores on
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mathematics tests. Research has reported that such gender-specific differences in particular aspects
of intelligence, such as verbal or numerical abilities, can be attributed to a combination of both
biological as well as sociocultural variables (Nisbett et al., 2012).

Measures of prior study performance, which correlate greatly with cognitive ability, are also
included in this category (Roth et al., 2015). This measure is often quantified as (high school) GPA
(Grade Point Average) and is one of the most used predictors of academic achievement (Fonteyne,
Wille, et al., 2017; Hodara & Lewis, 2017; Poole et al., 2012; Richardson et al., 2012; Schelfhout et
al., 2019b).

Affective Predictors

The interaction of gender with affective predictors of academic achievement has been
thoroughly researched, but the results are often inconclusive. In what follows, we provide examples
on the most preeminent affective predictors of academic achievement, which all demonstrate
incremental validity over and beyond measures of cognitive ability (Fonteyne, Wille, et al., 2017;
Schneider & Preckel, 2017).

Personality is a prominent affective predictor of academic achievement (Fonteyne, Wille, et
al., 2017; Petrides et al., 2005). More specifically, research has shown that the trait
conscientiousness is an important predictor of academic achievement, as higher scores on this
personality trait are associated with higher grades (Carvalho, 2016; Kling et al., 2013; Nguyen et al.,
2005; Poropat, 2009; Trapmann et al., 2008). The personality literature describes conscientiousness
as a construct related to facets such as orderliness and dependability (Duckworth et al., 2007).
Conscientiousness encompasses various personality traits, such as self-control (the regulation of
one’s own conflicts between short- and long-term goals) and grit (the perseverance to work towards
long-term goals and maintaining effort and interest, regardless of contingent obstacles), which are
often included in prediction models as unique predictors of academic achievement (Duckworth et
al., 2007, 2019). Studies report that the main effect of gender on conscientiousness is small to non-

existent (de Fruyt et al., 2008; Steinmayr & Spinath, 2008), but research on the interaction effects
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between gender and personality traits is rather contradictory. On the one hand, de Fruyt and
Mervielde (1996) reported that conscientiousness is a stronger predictor of degree attainment for
males. On the other hand, other studies found no interaction effects between gender and the
predictive value of personality traits on academic achievement (Mellon et al., 1980; Steinmayr &
Spinath, 2008).

Metacognition can be described as the knowledge of one’s own motivation and ability to use
self-regulatory techniques during studying. This construct is positively associated with academic
performance (Kitsantas et al., 2008; Richardson et al., 2012). For instance, research shows that
flawed metacognition is associated with a superficial approach to studying (r = .42). Such an
approach to learning then correlates with poorer academic achievement (r = -.33) (Spada & Moneta,
2014). The literature on the existence of gender differences in the use of metacognitive strategies is
inconclusive (Callan et al., 2016). To our knowledge, research on gender differences in the predictive
value of metacognition does not exist as of today.

Studies show that increasing levels of academic self-efficacy (i.e., the confidence in one’s
ability to attain the desired academic goals) correlates positively with academic performance and
persistence (Komarraju & Nadler, 2013; Pirmohamed et al., 2017; Robbins et al., 2004; Turner et al.,
2009). The meta-analysis by Huang (2013) showed that female students tend to score higher on
language arts self-efficacy, while males display higher mathematics, computer and social sciences
self-efficacy. When looking at academic self-efficacy in a broader sense, Vantieghem and colleagues
(2014) report that females tend to score higher, while Huang (2013) reports that the gender
differences vary with age. To our knowledge, literature on how these gender differences are
reflected in the predictive value of self-efficacy does not exist yet.

Test anxiety is a construct negatively correlated with academic success (Cassady & Johnson,
2002; Credé & Kuncel, 2008; Nuiez-Pefia et al., 2016). One experiences test anxiety when feeling
anxious in settings related to learning and evaluation (Credé & Kuncel, 2008). Several studies report

that females score higher on test anxiety measures (Cassady & Johnson, 2002; Nufiez-Peia et al.,
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2016). However, research shows that there are no gender differences in the predictive value of test
anxiety on academic achievement (Torrecilla-Sanchez et al., 2019).

According to the Self Determination Theory (SDT), different types of motivation are
supposed to drive students’ behavior. A student can display autonomous (driven by internal factors)
and controlled (driven by external factors) motivation at the same time (Deci & Ryan, 2008; Kusurkar
et al., 2013; Ratelle et al., 2007; Vansteenkiste et al., 2009). A multitude of studies report that
motivation predicts school achievement, with positive effects specifically for autonomous
motivation (Freudenthaler et al., 2008; Kriegbaum et al., 2018; Soenens & Vansteenkiste, 2005).
While some studies show that intrinsic motivation is a stronger predictor of academic performance
for men (Cortright et al., 2013; Freudenthaler et al., 2008), Steinmayr and Spinath (2008) did not find
such interaction effects. The present study addresses this conflicting evidence.

Finally, vocational interests are a proven unique predictor of academic achievement
(Fonteyne, Wille, et al., 2017; Schelfhout et al., 2019b), although the explained variance remains
limited. One of the most prominent models to depict vocational interests in higher education, is the
theory of vocational personalities and environments proposed by Holland in 1997 (Nauta, 2010).The
essence of the theory is a hexagonal model, consisting of six interest dimensions: realistic,
investigative, artistic, social, enterprising, and conventional (abbreviated as RIASEC) (de Fruyt &
Mervielde, 1996; PaRler & Hell, 2012). The model allows to measure the congruence between a
person’s profile and that of his environment, also known as the person-environment fit (PE fit) (Astin
& Holland, 1961; Holland, 1997; Nauta, 2010; Schelfhout et al., 2019b). Research has shown that the
better the PE fit, the higher the grades and persistence in school (Nauta, 2010; Nye et al., 2012;
PaRler & Hell, 2012; Rounds & Su, 2014). Gender differences in vocational interest profiles have
been thoroughly researched. In a meta-analysis by Su and colleagues (2009), an effect size of d = .93
was reported for gender differences on the things-people interest dimension. Men score higher on
the things-oriented and realistic dimensions, while women tend to score higher on the person-

oriented and social dimensions (Nauta, 2010; Rounds & Su, 2014; Su et al., 2009). As vocational
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interests are heavily influenced by socialization processes and environmental influences, such as
parental expectations, these gender differences are to be expected (lon et al., 2019). Besides that,
research by Schelfhout and colleagues (2021) showed that women in STEM majors tend to show a
better interest fit with their study programs in comparison to their male counterparts. In sum,
gender not only influences vocational interest profiles, but also how well a person fits his or her
environment. Unfortunately, no studies yet have investigated whether gender also affects the
predictive value of vocational interests.

Clearly, the importance of affective predictors has been well established. Nevertheless, the
existence of interactions with gender is unclear in several cases, such as for motivation, vocational
interests, and metacognition. Furthermore, the interactions were often only explored when the
predictors were studied in isolation, meaning that only one factor and its interaction with gender
were associated with academic achievement, not controlling for several other potentially relevant
predictors of academic achievement. For example, this was the case in the studies on test anxiety
(Torrecilla-Sanchez et al., 2019) and motivation (Kusurkar et al., 2013).

Demographic Predictors

Finally, the last category of predictors of academic achievement concerns demographic
variables, such as socioeconomic status (SES), gender or age (Richardson et al., 2012). Because of
the continuously growing amount of students in higher education, student populations have become
increasingly diverse (OECD, 2020). Consequently, research that explores how such demographic
factors affect the prediction of academic achievement is indispensable. In an example of Sirin (2005),
SES shows a medium to strong association with academic achievement, although other research also
suggests that it is important to separate SES from other variables, such as mother’s cognitive
abilities, when making such claims (Marks & O’Connell, 2021a, 2021b). A study by Connolly (2006)
has shown that there is no evidence in favor of gender differences in the predictive value of
demographic predictors, such as social class or ethnic groups, on educational attainment.

The Present Study
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The literature on academic achievement is in need of further research into the interactions
between gender and cognitive, affective, and demographic predictors, as empirical data on this topic
are either lacking or inconclusive. Furthermore, most studies only examined the effect of gender
when predictors were studied in isolation. As such, our first research goal is to evaluate interactions
between gender and predictors of academic achievement in program-specific prediction models. If
gender interacts with how strongly a factor should contribute to the prediction of academic
achievement, the prediction models that are currently used, which are typically generalized across
gender, could result in imprecise predictions. For instance, if intrinsic motivation is a stronger
predictor for men than for women (Cortright et al., 2013; Freudenthaler et al., 2008), but is
attributed the same weight for both genders in the prediction model, men’s academic achievement
would be underestimated, thus resulting in less accurate predictions. In line with this, we present
the following hypothesis:

Hi: Cognitive, affective, and demographic variables interact with gender in the prediction of
academic achievement.

Besides that, it is imperative to explore how gender affects predictions of academic
achievement. Research has already shown that gender differences exist in the prediction of
academic achievement (e.g., women achieve higher college grades than predictions based on an
intelligence test would suggest (Tulbure & Gavrilla, 2019). As such, our second research goal is to
assess whether a gender-based accuracy difference in the predictions of our models exists, and thus
if the general models perform as well for females as they do for males:

H»: The program-specific prediction models do not demonstrate the same accuracy in their
predictions for both genders.

Such accuracy differences could be the result of the finding that different factors are
predictive of academic achievement for men and women within the same study program. Such

differences are currently undetected, thus possibly resulting in accuracy differences between
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genders in the prediction of academic achievement. With our third research goal, we explore
whether different factors are predictive of academic achievement for men and women:

Hs: The composition of the program-specific prediction models for males is different than
that for females.
If a gender difference exists in the composition of the predictive models of academic achievement,
exploring whether gender-specific models make more accurate predictions is desirable. For our
fourth research goal, we aim to examine whether gender-specific models make the most accurate
predictions:

Ha: The gender- and program-specific prediction models make more accurate predictions and
explain more variance than the program-specific prediction models across genders.
However, it is crucial to recognize that these prediction models are determined by the students in
the used samples. Literature has shown that various study fields are associated with highly gendered
narratives (thus impacting the gender balance in these programs), and how vocational interests
might be the critical factor behind this (Su et al., 2009). Indeed, vocational interests are heavily
influenced by gendered societal roles and expectations (lon et al., 2019), while also being an
important predictor of study choice (Schelfhout et al., 2021). If certain samples are mainly male- or
female-dominated, chances are that such a gender imbalance is at least partly responsible for any
observed effects in the previous hypotheses. As such, we aim to control for the effect of the gender
imbalance of each study program with our fifth and final research goal:

Hs: The gender imbalance of a study program correlates with the results of H2, H3 and H4.

Method and Materials

The SIMON Project in an Open Access Study Environment

We performed secondary analyses on data gathered within the longitudinal, university-wide
SIMON (Study Skills and Interest MONitor) project, developed at Ghent University, a renowned and
well-established Western-European university (ARWU top 100 of the Shanghai ranking of worldwide

universities). The data were obtained within an open access study environment: all students with a
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degree from secondary school can start any program in higher education, except medicine,
dentistry, and performance arts (OECD, 2020). The SIMON project was developed to remedy low
success rates in higher education: over the time period of 2016-2018, only 36% of all first-year
students at Ghent University were able to succeed in all courses, which is necessary to stay on track
for timely degree attainment. The problem of low success rates is not specific to Belgium, as 30% of
the students in OECD countries leave higher education without obtaining a degree (OECD, 2017).
The goal of this project is thus to improve these success rates, by equipping (aspiring) university
students with fitting program-specific advice. To develop such advice, an algorithm has been
established based on an extensive historical dataset (with more than 70,000 entries as of 2021)
containing former students’ test results on an internet-based self-assessment tool and exam scores.
The tests included in the self-assessment tool measure a multitude of predictors of academic
achievement, as previously established in the introduction. As such, to provide program-specific
advice to new students, their test results are fed into this algorithm. If the comparison to previous
scores indicates that the student has a very low likelihood of succeeding, he or she is advised to
improve their basic abilities or to reorient towards a more attainable or suitable study program. High
response rates are acquired, as participation in the SIMON project is strongly encouraged among
students at the start of their first academic year. After the students finish their first year, their exam
results are linked to their original data, which ensures a continued improvement of the prediction
models (Fonteyne, Duyck, et al., 2017; Schelfhout et al., 2022).
Data

The present dataset includes test results of the SIMON project and the consecutive exam
results of first year university students, collected within the SIMON project over the time period

2016-2018. As only study programs with n > 120 students were included?, this results in data from N

1 First, we took a sample size of 50 as a starting point. This baseline allowed us to take a conservative approach
and filter out any study programs with very little amounts of students. Second, we wanted to include 10
participants per predictor that would be included in the model, based on the literature by Peduzzi and
colleagues (1995, 1996). To get an estimate of how many predictors are generally included in a prediction



GENDER AND PREDICTORS OF ACADEMIC ACHIEVEMENT 14

= 5,016 students across 16 university programs (an overview is presented in Table 1).
Ethics Statement

The Ethical Commission of Ghent University has granted approval to the SIMON project, of
which the present study is an integral part. This study was carried out in accordance with the
recommendations of the Ethical Commission of Ghent University. All subjects gave their online
informed consent in accordance with the Declaration of Helsinki.
Measures

An overview of the set of variables used to construct the predictive models is given in Table
2. To decide which variables should be included in our analyses, we based ourselves on the
reasoning by Shmueli (2010). She proposed three main criteria for choosing which variables to
include in predictive models: the quality of the association between the predictors and the response,
the data quality, and the availability of the predictors at the time of prediction. Based on our
extensive literature review, as presented in the introduction, we selected the variables that showed
the best predictive association with academic achievement and are thus expected to provide
incremental predictive value. Second, we checked these predictors’ availability in our dataset and
we found that all the variables we selected through our literature review were present in this
dataset. Finally, we know that the data on these measures is of good quality, as these measures
have been successfully used in study orientation devices from 2015 on (Fonteyne, Wille, et al., 2017,
Schelfhout et al., 2022). As such, we decided to include them in the present study. Given the

extensive nature of the item pool, we refer to Appendix A for a full description of these predictors

model of academic achievement, when the predictor pool is this large, we based ourselves on Schelfhout and
colleagues (2019a). In his study, a similar number of predictors functioned as input into an AIC algorithm, to
develop separate prediction models for 21 study programs. From these final 21 prediction models, a mean of 5
predictors per model was recovered, with a standard deviation of 2. As such, as we include 10 participants per
predictor, we added another 50 participants to the minimum sample size, based on the mean number of
predictors in a model we calculated. We wanted to be extra conservative, so we also added another 20
participants to the minimum sample size, based on the standard deviation of 2 predictors per model. In sum,
the following calculation was made: 50 (minimum sample size) + 5 (mean number of predictors) x 10 + 2
(standard deviation of number of predictors) x 10 = 120.
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and their reliability. Given the extensive nature of the item pool, we refer to Appendix A for a full
description of these predictors and their reliability.
Procedures and Analyses

First, predictive models for GPA were built. In this study, GPA is the weighted average of
students’ local grades, with the ECTS (European Credit Transfer and Accumulation System) credits
being used as weights. Generally, in order to estimate how much population variance in academic
achievement a combination of predictors explains, researchers opt for linear or logistic regression
models. These regression models allow researchers to reveal the total explained variance of their
model, along with the inputs of particular predictors incremental to other known predictors
(Schelfhout et al., 2022). This explanative approach has been used by most studies presented earlier.
Yet, even when a model displays a large amount of explained population variance, a good prediction
of individual student results is not necessarily guaranteed (Shmueli, 2010). As the present study aims
to further improve individual student prediction of academic achievement, we modelled academic
achievement using the Akaike’s Information Criterion (AIC) stepwise selection procedure. This
procedure ensures that the best possible prediction model is chosen, by minimizing the model’s
prediction errors and consequently, the information loss (Burnham & Anderson, 2002). However,
research by Hurvich and Tsai (1989) has shown that small sample sizes elicit an AIC model
characterized by a potentially high degree of negative bias. Because the sample sizes of our
individual study programs are rather limited in some cases, it was thus imperative to prevent
overfitting (Shmueli, 2010). As such, we opted to use a more stringent version of the AIC (AlCc)
where a correction based on the sample size of each study program is included for every predictor
that joins the model (Cavanaugh, 1997). By comparing all predictor combinations imaginable to one
another, the grouping with the smallest probability of information loss is chosen as the final model.
Afterwards, the model’s prediction is compared to the actual performance of each student
separately. Finally, the selected model is the one that delivers the smallest prediction error across all

students. While these models were primarily developed for the prediction of individual students’
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performance, they can also be used to explain the population variance of study results in their
programs (Schelfhout et al., 2021).

Typically, models are run across programes, in lieu of building models specific to study
programs. However, several studies found that adapting a program-specific method was beneficial
compared to a more general approach, as this method can significantly improve the individual
student prediction of academic achievement (Fonteyne, Duyck, et al., 2017; Schelfhout et al., 2021).
Program-specific predictive models were thus constructed across genders (the general models), as
well as for male and female students separately (the gender-specific models). The prediction models
across programs are also reported, which are based on the data from each program, except
medicine and rehabilitation science and physiotherapy, as these programs do not include data on
comprehensive reading. Besides that, the predictor list of the models across programs does not
include data on chemistry and physics, as most programs are not tested on these predictors (for
more information, we refer to Appendix A).

For our first research goal, we counted in which percentage of the program-specific models
across genders each predictor category was present. Afterwards, we checked how many of these
programs also demonstrated interactions between the present predictor categories and gender. For
our second research goal, we compared the prediction errors of the general model for male data
with the prediction errors for female data, using independent samples t-tests. For our third research
goal, we checked to which degree the male and female program-specific models corresponded.
Furthermore, we compared the prediction errors of the male-specific model on male data, with the
prediction errors of the female-specific model on female data, using independent samples t-tests.
We also assessed differences in the explained sample variance for each model comparison. For our
fourth research goal, we explored whether gender-specific prediction models make better
predictions than the models across gender. As such, we compared the prediction errors on male
data of the general and the gender-specific models, using paired samples t-tests. Besides that, we

compared the explained sample variances of the models. The same was done for the female data.
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Finally, we performed an exploratory analysis where we compared the explained variance of the
general model (first on the data across genders and second on the gender-specific data) with that of
the gender-specific models (on the gender-specific data). Finally, for our fifth research goal, we
determined the correlation between the outcomes of the second, third and fourth research goal,
and the gender proportion of each program.

Considering the multiple hypotheses tested in this study, we need to remain wary of increased
type | error rates. However, every analysis that required t-tests was performed for each of the 16
study programs separately. For this, the entire dataset was split up into 16 different subsamples,
with each subsample consisting of the students of a particular study program. Subsequently, the
data was split up into male and female data, resulting in 32 subsamples. The t-tests that thus
accompanied each hypothesis were mainly based on different subsamples of the dataset. A
maximum of 3 t-tests per subsample was performed in total. As our samples were quite large, and
we included a correction for small sample sizes through the AlCc procedure, we did not perform any
additional corrections. Furthermore, we always report the effect sizes?, which are independent from
significance levels and allow us to assess the magnitude of each effect.

Results
The correlation matrix of the predictors and the (program-specific) prediction models are

reported in Appendix B and C, respectively. For H;, we first checked to what extent each predictor
category was present in the program-specific general models. Afterwards, we explored how many of
the models that included a certain predictor category, also displayed significant interactions
between that category and gender. The analyses were only performed on the program-specific
models, thus excluding the model across programs. The results are reported in Table 3. We found
that cognitive and demographic predictors were present in all 16 prediction models, and affective

predictors were found in 14 models. Cognitive predictors displayed the most interaction effects with

2 A Cohen’s d was used to report these effect sizes, with 0.01 = very small effect, 0.20 = small effect, 0.50 =
medium effect, 0.80 = large effect, 1.20 = very large effect and 2.00 = huge effect (Sawilowsky, 2009).



GENDER AND PREDICTORS OF ACADEMIC ACHIEVEMENT 18

gender (in 7 models), followed by affective predictors (in 4 models), while interaction effects
between gender and demographic predictors were only present in 1 model. These results are in
support of Hi. For a more detailed explanation on which predictors displayed interactions with
gender, we refer to the discussion. Furthermore, we refer to Appendix C for a detailed overview of
the configuration of each program-specific prediction model.

The results of the analyses to test H, are documented in Table 4. In order to compare the
performance of the general model on male data with its performance on female data, we used
independent samples t-tests to analyze differences in the elicited mean prediction errors. Significant
differences in these prediction errors were found in programs 1, 9 and 13. The effect sizes for these
significant programs ranged from small (d = 0.28) to medium (d = 0.57). For programs 1 and 9, the
prediction errors were significantly higher in male data. The opposite was true for program 13,
which displayed significantly higher prediction errors in female data. In line with Hs, we then
determined the correlation between the effect sizes (excluding that of the model across programs)
with the gender proportion of each program (which is documented in Table 1). A correlation of r(14)
=.49, p =.054 was revealed across 16 programs. In other words, the more gender-skewed program
populations are, the less accurate the predictions of the general model will be.

Afterwards, we developed gender- and program-specific prediction models of academic
achievement. To test Hs, we checked the correspondence between the male and female predictive
models of each study program. The correspondence measure was calculated by dividing the total
amount of shared predictors between the male and female model, by the total amount of predictors
present across both models. The results are reported in Table 5. The mean correspondence (without
the models across programs) is M = 0.22 with a standard deviation of SD = 0.12. To examine Hs, we
then correlated the correspondence measures with the gender proportion of each study program,
excluding the model across programs. A fairly strong correlation of r(14) =-.52, p = .039 was
observed, meaning that a stronger gender imbalance in the population of a study program leads to

more diverse gender-specific prediction models.
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We then performed an exploratory analysis to compare the performance of the gender-
specific models on the gender-specific data, in a similar way as with H,. We used independent
samples t-tests to analyze differences in the elicited mean prediction errors. We also included
differences in the explained variance. The results are reported in Table 6. Significant differences in
the prediction errors were found in programs 3, 7, 9, 15, 16 and across programs. The effect sizes
ranged from very small (d = 0.09) to medium (d = 0.51) and correlated strongly with the absolute
value of the R%differences: r(14) = .75, p < .001 (calculated without the model across programs). For
programs 3, 7, 16 and across programs, the prediction errors of the male specific model were
significantly higher. The opposite was true for programs 9 and 15, which displayed significantly
higher prediction errors for the female specific model. We determined the correlation between the
effect sizes (excluding that of the model across programs) with the gender proportion of each
program (see Table 1). A non-significant correlation of r(14) = .49, p = .054 was revealed across 16
programs. In other words, the more one gender dominates the student body of a program, the
larger the difference between the size of the prediction errors of the gender-specific models.

For Hs, analyses were performed to check which models produce the smallest prediction errors
and explain the most variance: the general or the gender-specific models. First, we compared the
performance when both models use gender-specific data. As such, we used paired samples t-tests,
of which the results are reported in Table 7. When we compared the performance on male data,
analyses showed that the prediction errors of the male model were smaller than those of the
general model each time. Significant values were found in programs 1, 4, 6, 7, 8, 13, 16 and across
programs, with effect sizes ranging from small (d = 0.13) to large (d = 0.75). We also compared the
explained variances, which were always higher in the male model, with the difference ranging from
1% to 27%. The prediction errors on female data were compared using the same techniques. The
results showed that the prediction errors of the female model were generally smaller than those of
the general model, except in programs 2, 3 and 16. Significant values were found in programs 6, 13,

15, 16 and across programs, with effect sizes varying from small (d = 0.16) to somewhat large (d =
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0.67). The differences in R? ranged from 0% to 22%, and the R? was higher in the female model in
75% of the programs. In line with Hs, an analysis was then performed to determine the correlation
between the effect sizes reported in Table 7 and the gender proportion of each program (see Table
1). We found a non-significant correlation of r(30) =.32, p =.072. Similar results were found for the
correlation between absolute R? differences and gender proportion: r(30) = .36, p = .04. In sum, a
stronger gender imbalance in the population of a study program leads to an increase in the
difference in prediction errors between the general and the gender-specific model, and a bigger
difference in explained variance.

For the second part of the analyses for Hs, we compared the explained variance of the
general model on the data across genders with the explained variance of the gender-specific models
on the gender-specific data. The results are reported in Table 8. The R? difference between the male
and general models ranged from 1% to 32%, with the male model demonstrating a higher explained
variance in 75% of the programs. The R? difference between the female and general models ranged
from 1% to 22%, with the female model explaining more variance in 37.5% of the programs.

Discussion

Various studies have established the existence of gender differences in the relative
importance of several predictors of academic achievement (Mellon et al., 1980; Steinmayr &
Spinath, 2008). However, most research has studied the effect of gender on these predictors in
isolation, rather than in the context of prediction models of academic achievement. The present
study aimed to address this gap in the literature, as these models are used in several practical
applications of considerable influence (e.g., study orientation or selection procedures for higher
education). We developed program-specific AIC models of academic achievement (first-year GPA) of
a large sample of students, using cognitive, affective, and demographic predictors. First, we explored
to what extent each predictor category interacts with gender in the program-specific prediction
models. Second, we investigated whether the general predictive models of academic achievement

make equally accurate predictions for males as they do for females. Third, we studied whether
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different factors were predictive of academic achievement for male and female students, per
program individually. Fourth, we determined which model made the most accurate predictions: the
gender-specific one, or the model across genders. Finally, we related the findings of the previous
research goals to the gender imbalance of the various study programs.

The current study corroborated previous findings by demonstrating the importance of the
three predictor categories in almost all general prediction models. For the gender-specific prediction
models, we found that both the cognitive as well as the affective predictors were again present in
almost all male and female models. However, we found that the demographic predictors were
present to a lesser extent in female prediction models. Indeed, demographic predictors were only
included in 68,75% of the female models, in contrast to 87,50% for the male models.

We further scrutinized the composition of the general prediction models and found
interaction effects with gender for each predictor category, which validates the claim that gender
affects the predictive value of various predictors, not only in isolated settings, but also in the context
of prediction models. More specifically, our findings support the conclusions of previous studies by
demonstrating that the predictive value of measures of cognitive ability can be affected by gender
(Ruffing et al., 2015). Furthermore, we showed that the predictors personality, motivation and test
anxiety did not interact with gender (Mellon et al., 1980; Steinmayr & Spinath, 2008; Torrecilla-
Sénchez et al., 2019). Finally, this is the first study to demonstrate interactions between gender and
the predictive value of measures of prior study performance, academic self-efficacy, metacognition,
and vocational interests. In sum, these results confirm our hypothesis that gender does interact with
predictors of academic achievement. To what extent these interactions with gender are the result of
social or cultural influences, rather than innate determinants, is not something we can establish
based on our data. However, it could be an interesting avenue for future research to address this.

The present study shows partial evidence that gender differences in prediction accuracy can
occur with general prediction models, biased in favor of men (12.50% of the programs), as well as

women (6.25% of the programs). This gender bias can be partially explained by the gender
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imbalance of the study programs tested. Indeed, a fairly strong correlation was discovered between
the effect sizes (indicating the size of the difference in mean prediction errors) and the gender
proportions of each study program. Put differently, if one gender is predominantly present in a study
program, the predictions of the corresponding general model will be less accurate for one of both
genders. The direction of this effect is not straightforward. For instance, if a program has
predominantly male students, the prediction errors of the model were not necessarily higher on
female data.

The current study established that the correspondence between male and female prediction
models of a study program is generally low (mean correspondence: M = 0.22). Furthermore, post-
hoc analyses® demonstrated that the correspondence between the gender-specific and the general
predictive models are low too, with a mean correspondence of M = 0.46 and M = 0.42 for men and
women respectively. We speculate that the composition of these gender-specific predictive models
is affected by (1) the interaction effects of gender with predictor values (Mellon et al., 1980;
Steinmayr & Spinath, 2008) and (2) by the different profiles at the start of higher education, due to
the gender differences in the study choice process (Schelfhout et al., 2021; Stoet & Geary, 2020).
Furthermore, we explored how these findings relate to the gender imbalance of a study program.
We found that a stronger gender imbalance in the population of a study program leads to more
diverse gender-specific prediction models, and a stronger correspondence between the general
model and the model of the dominant gender. The low correspondence measures between the
gender-specific models could thus be attributed to the fact that the prediction model of the least
present gender is overly specified, which in turn causes the correspondence measure to decrease.
However, we see the same pattern in study programs where the genders are more evenly
distributed (e.g., bioscience has a 50/50 gender distribution, but the gender-specific models only

have a correspondence of 11%. Meanwhile, the correspondence with the general model is 86% for

3 The analyses on the correspondence between the gender-specific and general models, and how these
correspondence measures correlate with gender proportion, are reported in Appendix D.
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the male model and 27% for the female model). In sum, we can still observe a large difference
between the general, male, and female predictive models of academic achievement, irrespective of
the gender balance in a study program.

We also compared the size of the prediction errors elicited by the two gender-specific
prediction models of each program and found sizable differences in 31% of the programs tested. In
an attempt to explain these differences, we explored how they related to the gender imbalance of
each study program. Fairly strong, positive correlations between the gender proportions of each
study program and both the effect sizes (indicating the size of the difference in mean prediction
errors) and the differences in explained variance were found. In other words, if one gender is
substantially more present in a study program, the difference in the accuracy of the predictions
between the two gender-specific models will increase, as will the difference in explained variance.
This finding could raise doubt as to whether such gender-specific models would improve the current
situation (i.e., the gender discrepancy in the accuracy levels of the predictions of the general
models), as we still observe a discrepancy in the prediction accuracies. Future research could
address this limitation and explore whether even bigger sample sizes could resolve this problem.

To our knowledge, this was the first study that studied and compared general with gender-
specific models of academic achievement. Our results showed that gender-specific prediction
models tend to improve predictions within gender groups, as its prediction errors were often
significantly smaller than the prediction errors of the general models. This finding is particularly
striking, given the fact that the gender-specific models are based on considerably less data than the
prediction models across genders. Additionally, we explored how these differences in prediction
accuracy were related to the gender imbalance of each study program. We found that, despite the
low amount of data points, a stronger gender imbalance in a study program still is associated with
larger differences in the accuracy of the predictions of the general vs. the gender-specific model.

Finally, we explored differences in the explained variances of the general and gender-

specific models, based on gender-specific data. We found that the explained variances of the
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gender-specific models tended to be bigger than that of the general models (in all programs for the
male model, and in 75% of the programs for the female model). These differences in explained
variance were once again positively related to gender imbalance. However, we found that these
conclusions were different when we compared the explained variances of the gender-specific
models (on gender-specific data) with those of the general models (on the data across genders).
While the male model still performed better in 75% of the programs, the female model only
outperformed the general model in 37.50% of the programs. Future research should look further
into this finding and explore why the female models tend to explain less variance than the male
models do, when compared to the explained variance of the general model (on all data).
Limitations and Recommendations for Future Research

Our findings can be used to further improve the existing predictive models of academic
achievement. By discerning our models by gender, we lowered prediction errors and improved our
models’ predictive value. The current study also has some limitations. First, the generalizability of
our findings is constrained to open access study environments: the only qualification for our subjects
to enter academic study programs is that they have a degree from secondary school. An interesting
avenue for future research would be to replicate this study in a closed-access study environment. A
second limitation is that the gender-specific models were sometimes based on quite small samples
(n ranging from 39 to 600). While the present study certainly took precautionary measures to limit
the negative consequences of such small samples (e.g., the AICc procedure), more research based on
larger samples would be beneficial. A third limitation of our study is that cognitive ability was not
operationalized in the same manner for every study program, due to the nature of the available
variables. Two programs did not have any data on comprehensive reading, and only a small portion
of the study programs offered data on physics and/or chemistry tests. Another limitation is that we
used first year grades as an indicator of academic achievement. While research has reported that
first year results are a valuable predictor of overall academic achievement (de Koning et al., 2012),

future studies should investigate whether our results also hold for alternative outcomes such as
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timely graduation. Finally, given the history of our dataset, we categorized students into male and
female students, based on their self-reported gender identity. However, it is important to recognize
that the concept of gender identity is a spectrum that is much broader than such a binary distinction
(Bass et al., 2018; Diamond, 2020). As such, further discussion is needed on how this gender
spectrum should be addressed in future prediction models of academic achievement.

We believe that these empirical observations are important knowledge for study counselors
when developing study orientation and/or selection tools, as our findings provide a valuable
contribution to the theoretical understanding of the impact of gender in an academic setting.
Indeed, we explored how gender interacts with predictors of academic achievement, and how a
distinction by gender impacts predictive models of academic achievement, using a uniquely large
sample size and predictor pool. Subsequently, it could be of great theoretical importance for other
scholars to examine how large the, potentially undetected, effect of gender is on certain specific
predictors of academic achievement. Such effects should be studied in the context of prediction
models of academic achievement, as we have demonstrated the lack of research in this particular
field. We deem it valuable to determine the impact that gender, or any other demographic variable,
has in these prediction models, as a fair and unbiased prediction of academic achievement is
paramount in study orientation or selection devices. Furthermore, improving such study orientation
or selection devices by evaluating gender differences could be especially valuable for study fields
that traditionally have highly gendered narratives, such as STEM programs.

Conclusion
The current study demonstrated that gender often interacts with cognitive, affective, and
demographic predictors of academic achievement. Furthermore, we found that predictive models of
academic achievement do not make equally accurate predictions for males and females in some
study programs, which could be related to two mechanisms. First, we showed that this accuracy
difference is partly due to imbalanced gender proportions in the program populations. Second, the

present study demonstrated that the correspondence between the predictors present in the
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composition of general, male, and female models of academic achievement is remarkably low,
irrespective of the gender balance of a study program. We also found that gender-specific prediction
models of academic achievement tend to explain more variance and make more accurate
predictions, compared to the general model. In practice, an interesting avenue would therefore be

to further explore the benefits of gender-specific predictive models of academic achievement.
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Tables
Table 1
Study Programs
Number and Program n n n Gender
Acronym male female proportion?
- Across programs ® 4,570 1,873 2,697 59
1-PSY Psychology 697 97 600 86
2-MED Medicine 277 110 167 60
3-COM SCl Communication science 155 39 116 75
4 - POLSCI Political science 121 67 54 55
5-LAW Law 231 83 148 64
6 - CRIM Criminology 242 50 192 79
7 —LING Linguistics 243 57 186 77
8 —VET MED Veterinary medicine 228 49 179 79
9 — REHAB SCI Rehabilitation science and 462 166 296 64
physiotherapy

10 - PHARMA Pharmaceutical science 307 56 251 82
11 - BIOSCI Bioscience 333 171 162 51
12 -ECON Economy 491 311 180 63
13 -ENG Engineering 338 269 69 .80
14 - COMMER SCI Commercial science 377 171 206 55
15 - ENG TECH Engineering technology 441 397 44 90
16 — APL LING Applied linguistics 183 47 136 74

aGender proportion is the amount of students of the dominant gender in a study program, divided

by the total amount of students in that program. ® The data across programs is based on all programs

but excluding data from medicine and rehabilitation science and physiotherapy (this will be

explained in further detail in ‘Procedures and Analyses’).
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Table 2

Pool of Predictors

Category Variables
Dependent variable GPA
Cognitive variables Vocabulary

Comprehensive reading @
Mathematics (baseline/advanced)®
Chemistry ¢

Physics

High school Dutch package ®©

High school mathematics package
High school GPA

Affective variables Conscientiousness
Self-control
Grit
Academic self-efficacy (comprehension and effort)
Test anxiety
Motivation (autonomous and controlled)
Metacognition (knowledge and regulation)
Realistic interest dimension
Investigative interest dimension
Artistic interest dimension
Social interest dimension
Enterprising interest dimension
Conventional interest dimension

Demographic variables Age at start higher education
Degree mother
Degree father
Language
Nationality (Belgian — not Belgian)
Socioeconomic status
Scholarship

Note. GPA = grade point average.

2 Not used in medicine and rehabilitation science and physiotherapy. ® The advanced mathematics
test was used in the programs medicine, bioscience, economy, engineering, commercial science and
engineering technology. The normal mathematics test was used in the remaining programs. ¢ Only
used in veterinary medicine, rehabilitation science and physiotherapy, pharmaceutical science and
bioscience. ¢ Only used in veterinary medicine, rehabilitation science and physiotherapy, and

pharmaceutical science. ® While no explicit measure for writing was included in our variables, we
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believe this variable was implicitly included in the variable ‘high school Dutch package’. In the
educational system of Flanders, where this study was performed, writing is an especially important
component of the Dutch course in secondary school (Examencommissie secundair onderwijs
Vlaanderen [Examination committee secondary education Flanders], n.d.). As such, we assume that

writing was, at least partially, included in our prediction models of academic achievement.
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Table 3

Presence of Predictor Categories and Subsequent Interactions with Gender

% models in which the category % models with interactions
is present between the category and gender
Cognitive predictors 100 43.75
Affective predictors 87.50 28.57
Demographic predictors 100 6.25

Note. Variance Inflation Factor (VIF) values of the predictors were all below 10, indicating that the

multicollinearity levels between the predictors lay within the acceptable range (Stevens, 2012).
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Table 4

Comparison of the Prediction Errors Elicited by the General Models on Male and Female Data

Program t-statistic @ Cohen’s d®
Across programs © t(4568) = 0.95 0.03
1-PSY t(695) = 4.36*** 0.46
2-MED t(275) =0.66 0.08
3-Ccomscl t(153)=-0.75 0.14
4 —POL SCI t(119) =0.54 0.01
5-LAW t(229)=0.30 0.04
6 —CRIM t(240) =1.26 0.20
7 - LING t(241)=-0.47 0.07
8 —VET MED t(226) =1.16 0.19
9 — REHAB SCI t(460) = 2.83** 0.28
10 - PHARMA t(305)=1.84 0.27
11 - BIOSCI t(331)=0.99 0.11
12 - ECON t(489)=1.24 0.12
13 -ENG t(336) = -3.40** 0.57
14 — COMMER SCI t(375)=1.37 0.14
15—-ENG TECH t(439) =0.78 0.12
16 — APL LING t(181) =-0.60 0.10

a A positive t-value indicates a higher mean prediction error on male data, while a negative t-value
indicates a higher mean prediction error on female data. P The Cohen’s d measure indicates the size
of the difference in mean prediction errors. ¢ The data across programs is based on all programs but
excluding data from medicine and rehabilitation science and physiotherapy.

*p <.05, **p < .01, ***p < .001.
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Table 5

Correspondence Between the Male and Female Models of Academic Achievement

Program Correspondence gender-specific models 2
Across programs P 57
1-PSY 97
2 - MED 33
3-Ccom scl 00
4 —POL SCI 31
5-LAW 38
6— CRIM 12
7-LING 19
8 — VET MED 18
9 — REHAB SCl 2
10 — PHARMA 10
11 - BIOSCI 18
12 - ECON 33
13- ENG 13
14 — COMMER SCI 22
15 — ENG TECH 08
16 — APL LING 29

2The correspondence measures are calculated as the total amount of shared predictors between the
two models, divided by the total amount of predictors present across both models. ® The data across
programs is based on all programs but excluding data from programs medicine and rehabilitation

science and physiotherapy.
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Table 6

Comparison of the Prediction Errors Elicited by the Gender Specific Models on Gender Specific Data

44

Program t-statistic @ Cohen’sd® R? Difference ©
Across programs ¢ t(4568) = 3.02** 0.09 .04
1-PSY t(695) =1.38 0.15 21
2-MED t(275)=0.10 0.01 .06
3-Ccomscl t(153) =-2.16* 0.40 .14
4 —POL SCI t(119) = 0.07 0.01 -.01
5-LAW t(229) =-0.30 0.04 A1
6 —CRIM t(240) =-0.09 0.01 .04
7 —LING t(241) = -4.55%** 0.51 .34
8 — VET MED t(226) = -1.04 0.17 .10
9 — REHAB SCI t(460) = 2.50* 0.24 -.03
10 - PHARMA t(305) =1.54 0.23 -.12
11 - BIOSCI t(331)=1.23 0.14 -.04
12 — ECON t(489) = 1.83 0.17 .05
13 -ENG t(336) = -1.88 0.27 27
14 — COMMER SCI t(375)=1.05 0.11 .06
15— ENG TECH t(439) = 3.33** 0.42 -12
16 — APL LING t(181) = -3.81*** 0.51 .38

2 A positive t-value indicates a higher mean prediction error for the female specific model, while a

negative t-value indicates a higher mean prediction error for the male specific model. ® The Cohen’s

d measure indicates the size of the difference in mean prediction errors. ¢ The explained sample

variance is explained by Nagelkerke’s adjusted R?. ‘R? Difference’ is the R? of the male model minus

the R? of the female model. ¢The data across programs is based on all programs but excluding data

from medicine and rehabilitation science and physiotherapy.

*p <.05, **p < .01, ***p <.001.
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Table 7

Comparison of Prediction Errors of the General and Gender-specific Models

Programs Male data: Female data:
general vs. gender-specific model general vs. gender-specific model
t-statistic @ Cohen’sd® R? Difference ¢ t-statistic @ Cohen’sd® R? Difference ¢

Across programs ¢ t(1872) = 5.77*** 0.13 -.02 t(2696) = 14.01*** 0.27 -.02
1-PSY t(96) = 3.29** 0.33 -.27 t(599) =0.78 0.03 -.01
2-MED t(109) =0.79 0.08 -.03 t(166) =-1.62 0.13 .01
3-Ccomscl t(38)=1.42 0.23 -.06 t(115)=-1.29 0.12 .00
4 —POL SCI t(66) = 2.18* 0.27 -.14 t(53)=1.12 0.15 -.12
5-LAW t(82)=1.12 0.12 -.06 t(147)=0.19 0.02 -.03
6 — CRIM t(49) = 2.03* 0.29 -.24 t(191) = 2.21* 0.16 -.05
7 - LING t(56) = 3.89*** 0.52 -.26 t(185) =1.24 0.09 -.04
8 —VET MED t(48) = 2.57* 0.37 -.27 t(178) = 0.63 0.05 -.01
9 — REHAB SCI t(165) = 1.76 0.14 -.05 t(295)=1.84 0.11 -.01
10 - PHARMA t(55) =0.61 0.08 -.22 t(250) = 0.38 0.02 .00
11 - BIOSCI t(170) = 0.84 0.06 -.01 t(161) =1.12 0.09 -.05
12 - ECON t(310) =0.79 0.05 -.02 t(179) =1.25 0.09 -.08
13 - ENG £(268) = 12.24%** 0.75 -.03 t(68) = 5.57*** 0.67 -.05
14 — COMMER SCI t(170)=1.39 0.11 -.07 t(205) = 0.58 0.04 -.04
15—-ENG TECH t(396) = 0.07 0.00 -.10 t(43) = 2.34* 0.35 -.22
16 — APL LING t(46) = 3.27** 0.48 -14 t(135) =-2.03* 0.18 .03

2 A positive t-value indicates a higher mean prediction error for the general model, while a negative t-value indicates a higher mean prediction error for the
gender-specific model. * The Cohen’s d measure indicates the size of the difference in mean prediction errors. ¢ The explained sample variance is explained

by Nagelkerke’s adjusted R?. ‘R?Difference’ is the R? of the general model on the gender-specific data minus the R? of the gender-specific model on the



GENDER AND PREDICTORS OF ACADEMIC ACHIEVEMENT

gender-specific data. 9 The data across programs is based on all programs but excluding data from medicine and rehabilitation science and physiotherapy.

*p <.05, **p < .01, ***p <.001.
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Table 8

Comparison of the R? of the General and Gender-specific Model

Program R? Difference ?

General (data across genders) vs. General (data across genders) vs. female

male model (male data) model (female data)

Across
programs ® -.02 .03
1-PSY -.14 .07
2—-MED -.04 .03
3 -COM SCi -.09 .05
4 —POL SCI -.07 -.08
5—-LAW -.07 .04
6 — CRIM -.05 -.01
7 —LING -.32 .02
8 —VET MED -.12 -.02
9 — REHAB SCI .02 -.01
10 - PHARMA .08 -.03
11 - BIOSCI .01 -.03
12 -ECON -.01 .04
13 -ENG -.05 22
14 - COMMER
SCI -.05 .01
15-ENG
TECH A2 -.01
16 — APL LING -.29 .08

3 The explained sample variance is explained by Nagelkerke’s adjusted R?. ‘R?Difference’ is the R? of
the general model on the data across genders minus the R? of the gender-specific model on the
gender-specific data. ® The data across programs is based on all programs but excluding data from

medicine and rehabilitation science and physiotherapy.
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Appendix A
Measures: Description and Reliability

GPA was used as the dependent variable (M = 489.72, SD = 205.53). This variable ranges from 0
to 1000 and is used to provide an indication of a student’s academic achievement across courses.
Because all students of a specific study program have identical curricula and that each program is
modeled independently, possible bias due to program-specific factors is excluded from the present
study.

Seven demographic variables were included as predictors. First, we incorporated the students’
age at the start of higher education (M = 18.28, SD = 1.70). Second, we included both language (1 =
Dutch/2 = French/3 = other (EU)/4 = other (non-EU)) and nationality (0O = not Belgian/1 = Belgian).
Third, for socio-economic status (SES) we included four variables, as SES is a multi-dimensional
construct. If only a single component of SES had been included, its effect could have been severely
overestimated (Sirin, 2005). We included a dichotomous measure that quantified whether a student
belongs to a group of low SES or not. The categorization into a low SES-group depended on whether
the student met any other following criteria: receiving a scholarship or having a mother who did not
obtain a degree from secondary education. This procedure is based on the practices of the Flemish
Department of Education (Ministerie van Onderwijs en Vorming, 2012). Furthermore, to allow for
more specificity, we also included the measures that made up the SES-variable separately: we
considered whether the student was given a scholarship or not, and the degree of the mother and
father. For these last variables, a score between 0 (no degree) and 9 (PhD) was assigned. There is no
need for concern regarding the multicollinearity of these predictors, as the Variance Inflation Factor
(VIF) values of each predictor included in the models were always below 10.

Three variables were used to comprise study background. We opted to include self-reported
high school GPA (M =72.07, SD = 6.96), high school Dutch package (M = 4.01, SD = 1.41) and high

school mathematics package (M = 5.03, SD = 2.42).
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For cognitive ability, five factors were included in the present study which were all scored on a
scale of 20. The tests used are all valid measures of academic achievement (Fonteyne, Duyck, et al.,
2017; Fonteyne et al., 2015; Schelfhout et al., 2022). The first test is vocabulary (M = 17.50, SD =
1.89, Chronbach’s a = .79), which we tested using the LexTALE test (Lemhofer & Broersma, 2012).
This is a short, objective test that consists of 60 items where students are asked to indicate whether
the stimulus on screen is an actual word or not. The second factor is comprehensive reading (M =
14.81, SD = 4.707, Chronbach’s a = .78). For this, students had to read an English text of medium
length about a social psychological project and were asked five multiple choice (MC) questions about
it afterwards. This test was not given to students in medicine or rehabilitation science and
physiotherapy. The third factor is mathematics, which was tested with a normal (M = 16.57, SD =
3.30, Chronbach’s a. = .70) and an advanced test (M = 11.18, SD = 4.30, Chronbach’s o = .96). The
normal test included 20 questions on basic mathematics, both in MC-format and as open questions.
An example of an item is “A book that is on a 40% discount costs €18. How much did it cost prior to
the discount?”. The advanced mathematics test also included 20 items, included both MC and open
guestions. These items were more advanced than those of the normal test, including questions such
as “Present the general equation of a circle with center (-2, 1) and radius 3”. The advanced
mathematics test was used in the programs medicine, bioscience, economy, engineering,
commercial science and engineering technology. The normal mathematics test was used in the
remaining programs. The fourth factor was a physics test (M = 11.76, SD = 3.71, Chronbach’s a =
.96), where students had to solve 20 MC questions such as “What is Newton’s first law?”. This test
was filled out by students in veterinary medicine, rehabilitation science and physiotherapy, and
pharmaceutical science. Finally, the fifth factor was a chemistry test, given to students in veterinary
medicine, rehabilitation science and physiotherapy, pharmaceutical science and bioscience (M =
14.72, SD = 3.56, Chronbach’s a = .98). 20 questions in the MC format were administered, with items

like “What is the total number of valence electrons of a sulfur atom?”.
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The Self-Regulation Questionnaire was used to estimate a score of 16 items for both
autonomous and controlled motivation on a scale from 0 to 20 (Vansteenkiste et al., 2009). Eight
items such as “I’'m motivated to study this program because it interests me” measured autonomous
motivation (M = 15.03, SD = 2.47, Chronbach’s o, = .86). Controlled motivation (M = 8.28, SD = 3.15,
Chronbach’s a. = .88) was also measured using eight items, for example: “I’'m motivated to study this
program because I’'m supposed to do this”.

Test anxiety (M =9.99, SD = 2.50, Chronbach’s a = .92) was assessed using the Cognitive Test
Anxiety Scale (Cassady & Johnson, 2002), which includes 25 items like “I do not perform well on
exams”. Students had to indicate how characteristic they found these statements on a scale from
one to four (totally not characteristic for me - totally characteristic for me).

Conscientiousness (M = 150.22, SD = 20.65, Chronbach’s o = .86) was assessed with the
Personality for Professionals Inventory (de Fruyt & Rolland, 2010). 48 items were administered, on
which students had respond on a 1 to 5 scale (not characteristic at all - very characteristic). An
example of an item is “l easily procrastinate”.

The Metacognitive Awareness Inventory (Schraw & Dennison, 1994) was used to estimate
metacognition knowledge (M = 13.65, SD = 2.10, Chronbach’s o = .86) and regulation (M = 13.01, SD
=2.01, Chronbach’s a = .93). 52 items were presented to the students, for which they had to
indicate to which degree they agreed with them on a 1 to 6 scale (completely disagree- completely
agree). Afterwards, scores were rescaled to a final score between 0 and 20. Items such as “l know
my intellectual strengths and weaknesses” were included.

Grit (M = 13.33, SD = 1.85, Chronbach’s a. = .73) was assessed through the Grit Scale
(Duckworth et al., 2007). The scale includes 20 items such as “I finish whatever | begin”, that need to
be rated on a scale from 1 to 5 (not at all like me - very much like me).

The Brief Self-control Scale (Tangney et al., 2004) was used to assess self-control (M = 13.01, SD

=1.88, Chronbach’s a =.74). 13 items were presented to the students, for which they had to
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indicate on a 1 to 5 scale (totally not agree - totally agree) how much they agreed with the
statements. An example of an item is: “I have difficulty concentrating”.

To assess academic self-efficacy comprehension (M = 14.77, SD = 1.68, Chronbach’s o = .80)
and academic self-efficacy effort (M = 15.16, SD = 1.96, Chronbach’s a. = .77), an adaptation of the
College Academic Self-Efficacy Scale was used (Owen & Froman, 1988). For this, students had to
appraise their competence in coping with situations or tasks (such as “Tutor another student”) on a
1 to 5 scale (not capable - fully capable). Fourteen items were administered to estimate
comprehension, and eight to estimate effort.

The SIMON-I questionnaire (Fonteyne, Wille, et al., 2017) was used to assess the vocational
interests of students. 172 yes-or-no items were presented to the students, that each loaded on one
of the RIASEC scales. The items in the questionnaire were either occupations like “lawyer” (loading
on the E-scale) or tasks such as “composing a piece of music” (loading on the A-scale). Scores ranging
from 0 to 100 were assigned to students on all the RIASEC scales: the R (M =19.07, SD = 24.16,
Chronbach’s o =.92), | (M =34.09, SD = 21.78, Chronbach’s . = .88), A (M = 29.65, SD = 25.60,
Chronbach’s o =.92), S (M = 35, SD =26.34, Chronbach’s oo =.92), E (M = 33.51, SD = 28.44,

Chronbach’s a.=.93) and C (M = 21.30, SD = 23.29, Chronbach’s o, = .91) dimension.
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Table B1

Correlations for All Variables, Excluding Chemistry and Physics

Appendix B:

Correlation Tables
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Variable 1 2 3 4 5 6 7 8
1. Comprehensive reading -
2. Scholarship? -0.06%** -
3. Diploma parent 1° 0.08*** -0.27%** -
4. Diploma parent 2° 0.10*** -0.27*** 0.54*** -
5. Grit -0.03 0.00 -0.06*** -0.07*** -
6. Gender® 0.01 0.03 -0.07*** -0.07*** 0.14%** -
7.SES¢ -0.06%** 0.84%** -0.33*** -0.44%** 0.01 0.03* -
8. GPA 0.16%** -0.10*** 0.14%** 0.17%** 0.02 0.09%** -0.17%** -
9. Age at start HE -0.03* 0.14%** -0.10%*** -0.13%** 0.04* 0.00 0.14*** -0, 16***
10. Autonomous motivation 0.06%** 0.01 -0.01 -0.01 0.33%** 0.22%** 0.01 0.10%**
11. Controlled motivation -0.03* 0.01 0.03* 0.02 -0.18%** -0.08%*** 0.01 0.03*
12. Nationality ® -0.01 -0.07*** 0.05%*** 0.09*** -0.04** -0.04* -0.05***  0.07***
13. Conscientiousness 0.01 -0.01 -0.02 -0.04* 0.62%** 0.10%** -0.01 0.16%**
14. HS GPA 0.15%** -0.06*** 0.06*** 0.07*** 0.13%** 0.11%** -0.06***  (0.41%**
15. Metacognition (knowledge) 0.09*** -0.01 0.01 0.03 0.37*** 0.04** -0.02 0.09***
16. Metacognition (regulation) 0.06%** -0.00 0.00 0.01 0.37%** 0.11%** -0.00 0.08%***
17. Languagef -0.07*** 0.18%** -0.15%** -0.20%** -0.01 0.03* 0.19%**  -Q,13***
18. Test anxiety -0.12%** 0.05** -0.06*** -0.09*** -0.24%*** 0.15%** 0.06***  -0.15***
19. HS Dutch package 0.01 -0.02 0.01 0.00 0.01 0.05%*** -0.02 0.05***
20. HS mathematics package 0.06%** -0.07*** 0.16%** 0.16%** -0.05%*** -0.29%*** -0.08***  (Q.15%**
21. Vocabulary 0.15%** -0.07*** 0.11%** 0.10*** 0.05%** -0.03* -0.05***  0.16***
22. Self-control 0.01 -0.03 -0.03 -0.03* 0.60*** 0.15%** -0.03 0.13***
23. Academic SE (comprehension) 0.11%*** -0.01 0.06*** 0.09*** 0.23*** -0.17*** -0.02 0.08***
24. Academic SE (effort) 0.01 -0.02 -0.04* -0.02 0.45%** 0.16%** -0.02 0.16***
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1 2 3 4 5 6 7 8
25.R 0.00 -0.02 0.09%** 0.09%*** -0.09%*** -0.50*** -0.02 -0.05%**
26. 1 0.10%** 0.01 0.06%** 0.05%** 0.03* -0.04** 0.02 0.03*
27.A 0.08%** -0.01 0.02 0.05** -0.17%** 0.18%** 0.01 0.01
28.S -0.00 0.01 -0.09%** -0.08%** 0.06*** 0.40%*** 0.03* 0.06***
29.E -0.01 -0.03 0.01 0.01 0.03* -0.15%** -0.02 0.01
30.C -0.07%** 0.01 -0.03* -0.03 0.05%* -0.18*** 0.00 -0.00

0.16**/ -0.05%*/ 0.10***/ 0.09***/ -0.03/ -0.08 ***/ -0.07***/ 0.22***/

31. Mathematics & 0.20*** -0.07** 0.13*** 0.15** 0.03 -0.14%** -0.08*** (. 23%**

9 10 11 12 13 14 15 16
9. Age at start HE -
10. Autonomous motivation

0.06%** -

11. Controlled motivation -0.02 0.04* -
12. Nationality ® -0.18%** -0.04** 0.02 -
13. Conscientiousness 0.00 0.45%** -0.08*** -0.02 -
14. HS GPA -0.09%** 0.18%** 0.01 0.05** 0.31%** -
15. Metacognition (knowledge) -0.00 0.44%** -0.03* -0.04** 0.55%** 0.20%** -
16. Metacognition (regulation) 0.03 0.46%** -0.01 -0.04** 0.56%** 0.17%** 0.76%** -
17. Language f 0.14%** 0.02 0.05** -0.22%** -0.02 -0.05%** 0.02 0.02
18. Test anxiety 0.04** -0.17*** 0.22%** -0.03 -0.30*** -0.24*** -0.31%**  -0.14%**
19. HS Dutch package -0.05** -0.00 -0.01 0.06*** 0.02 -0.01 0.01 0.00
20. HS mathematics package -0.14%** -0.05*** 0.06%** 0.06%** 0.02 0.12%** 0.02 -0.02
21. Vocabulary -0.05%** 0.05%* -0.05** 0.08%*** 0.08*** 0.12%** 0.08***  (0.06%**
22. Self-control -0.03 0.34%** -0.15%** -0.01 0.73%** 0.24%** 0.39%** 0.41%**
23. Academic SE (comprehension) -0.02 0.32%*** -0.00 -0.01 0.36*** 0.17*** 0.52***  (Q.42%**
24. Academic SE (effort) -0.02 0.45%** -0.07*** -0.02 0.59%** 0.25%** 0.48%**  (0.49%**
25.R -0.05%** -0.08*** 0.05%** 0.04** -0.03 -0.01 -0.00 -0.02
26. | -0.01 0.21*** 0.01 -0.01 0.10*** 0.11*** 0.13*** 0.13***
27. A 0.02 0.07%** 0.00 -0.01 -0.05%*** 0.02 0.03 0.05**
28.S 0.06%** 0.16%** -0.03* -0.02 0.04%** -0.00 0.06***  (0.10%**
29.E -0.02 0.05*** 0.17%*** 0.02 0.10*** -0.04** 0.05*** 0.04**
30.C -0.02 0.03* 0.12%** 0.03 0.11%** -0.06*** 0.03 0.03
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9 10 11 12 13 14 15 16
-0.07**/ -0.01/ 0.01/ 0.02/ 0.03/ 0.09***/ 0.02/ 0.03/
31. Mathematics & -0.11%** 0.12%** 0.02 0.06** 0.09*** 0.30*** 0.14*** 0.07**
17 18 19 20 21 22 23 24
17 -
18 0.05%** -
19 -0.01 -0.00 -
20 -0.06*** -0.10%** -0.04%** -
21. Vocabulary -0.12%** -0.14%*** 0.04* 0.06%** - -
22. Self-control 0.01 -0.28*** 0.01 -0.02 0.09*** -
23. Academic SE (comprehension) -0.01 -0.37*** -0.00 0.26*** 0.11%*** 0.21*** -
24. Academic SE (effort) -0.01 -0.22%** 0.02 -0.02 0.04%** 0.51%*** 0.44*** -
25.R -0.02 -0.08*** -0.06*** 0.48*** 0.00 -0.08*** 0.21***  -0.07***
26. 1 0.00 -0.04* -0.00 0.28*** 0.02 0.04** 0.22***  (0.08***
27.A 0.04** 0.06*** 0.03 -0.22%*x 0.02 -0.04** -0.01 -0.04*
28.S 0.02 0.13*** 0.04** -0.34%** 0.03* 0.04** -0.06***  0.07***
29.E 0.01 -0.03 0.04* -0.05%** -0.02 0.02 0.07*** -0.01
30.C 0.02 -0.00 0.03 0.09*** 0.01 0.04* 0.09*** 0.04*
-0.05*/ -0.06**/ 0.04*/ 0.34***/ 0.21%*** 0.02/ 0.20***/ 0.02/
31. Mathematics & -0.08*** -0.16*** 0.00 0.53*** /0.16*** 0.05* 0.30*** 0.06**
25 26 27 28 29 30 31
25.R -
26. 1 0.37*** -
27. A 0.02 0.14%** -
28.S -0.29%** 0.16*** 0.43*** -
29.E 0.09*** -0.04* 0.18*** 0.16*** -
30.C 0.20*** 0.09*** -0.03* 0.03 0.70%*** -
0.10***/ 0.16***/ -0.01/ 0.03/ -0.04/ 0.05*/
31. Mathematics & 0.25*** 0.28*** -0.06* -0.14%** -0.24%** -0.19%** -

Note. This correlation matrix was based on data from all programs, but medicine and rehabilitation science and physiotherapy (n = 4,393). We

excluded data from medicine and rehabilitation science and physiotherapy , as these programs do not include data on comprehensive reading. SES =



GENDER AND PREDICTORS OF ACADEMIC ACHIEVEMENT

socioeconomic status, GPA = Grade Point Average, HE = higher education, HS = high school, Academic SE = academic self-efficacy, R = realistic interest
dimension, | = investigative interest dimension, A = artistic interest dimension, S = social interest dimension, E = enterprising interest dimension, C =
conventional interest dimension.

20 = no scholarship and 1 = scholarship. ® Score between 0 (no degree) and 9 (PhD). ¢ 1 = male and 2 = female. ¢ 0 = student does not belong to low SES-
group and 1 = student belongs to low SES-group. ¢ 0 = not Belgian and 1 = Belgian. f 1 = Dutch, 2 = French, 3 = other (EU) and 4 = other (non-EU). &
Correlations reported before the slash are based on the normal mathematics test (n = 2,413). Correlations after the slash are based on the advanced
mathematics test (n = 1,980).

*p <.05, **p < .01, ***p <.001.
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Table B2

Correlations for Chemistry and Physics
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Variable 1 2
1.Chemistry - 0.49%**
2. Physics 0.49%** -
3. Scholarship? -0.05 -0.11%**
4. Diploma parent 1° 0.06 0.12%**
5. Diploma parent 2° 0.08** 0.17*%**
6. Grit 0.01 -0.06*
7. Gender® -0.01 -0.11%**
8. SES¢ -0.06 -0.12%**
9. GPA 0.28%** 0.38%**
10. Age at start HE -0.08** -0.14%**
11. Autonomous motivation 0.11*** 0.01
12. Controlled motivation 0.06 0.07*
13. Nationality® -0.01 0.01
14. Conscientiousness 0.12%*** 0.03
15. HS GPA 0.21%** 0.21%**
16. Metacognition (knowledge) 0.10** 0.04
17. Metacognition (regulation) 0.11%** 0.03
18. Languagef 0.02 -0.04
19. Test anxiety -0.05 -0.13%**
20. HS Dutch package 0.02 0.07*
21. HS mathematics package 0.23%** 0.27%**
22. Vocabulary 0.14*** 0.19***
23. Self-control 0.06 -0.01
24. Academic SE (comprehension) 0.15%** 0.11%***
25. Academic SE (effort) 0.12%** 0.03
26.R 0.06* 0.12%**
27.1 0.22%** 0.23%**
28. A 0.05 0.06*
29.S -0.01 0.04
30.E 0.04 0.05
31.C 0.05 0.03
32. Mathematics 0.33*** 0.34%***

Note. This correlation matrix was based on data from veterinary medicine, rehabilitation

science and physiotherapy, and pharmaceutical science (n = 1,003). We excluded data from the

other programs, as these programs do not include data on both chemistry and physics. SES =

socioeconomic status, GPA = Grade point average, HE = higher education, HS = high school,
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Academic SE = academic self-efficacy, R = realistic interest dimension, | = investigative interest
dimension, A = artistic interest dimension, S = social interest dimension, E = enterprising interest
dimension, C = conventional interest dimension.

20 = no scholarship and 1 = scholarship. ® Score between 0 (no degree) and 9 (PhD). ¢ 1 = male and 2
=female. 4 0 = student does not belong to low SES-group and 1 = student belongs to low SES-group. ©
0 = not Belgian and 1 = Belgian. f 1 = Dutch, 2 = French, 3 = other (EU) and 4 = other (non-EU).

*p < .05, **p < .01, ***p < .001.
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Appendix C:
Gender- and Program-specific Models Predicting GPA.
Table C1
Gender- and Program-specific Models Predicting GPA
Program(s) Gender Model R?2  GPAerror®
Across Across -301.02 + 2.66 x Comprehensive reading + 4.68 x Diploma parent 1 + 8.99 x Diploma parent 2 - .27 153.67
programs genders 8.98 x Grit —27.21 x Age at start HE + 3.51 x Mathematics + 2.49 x Controlled motivation + 0.74 x
Conscientiousness + 8.61 x HS GPA + 6.60 x Metacognition knowledge —20.91 x Language - 5.46 x
Test anxiety + 56.58 x HS Dutch package + 16.75 x HS mathematics package + 7.15 x Vocabulary —
7.65 x Academic SE comprehension + 8.43 x Academic SE effort + 0.36 x R-0.53 x - 0.61 xS+
1.25 x C—203.79 x Gender - 6.28 x Metacognition knowledge:Gender — 25.12 x HS Dutch
package:Gender - 0.63 x R:Gender + 0.80 x S:Gender - 0.60 x C:Gender
Male 94.48 + 2.30 x Comprehensive reading + 6.84 x Diploma parent 2 - 5.80 x Grit - 37.80 x Age at start .29 157.19
HE + 3.14 x Mathematics + 3.72 x Autonomous motivation + 3.93 x Controlled motivation + 8.81 x
HS GPA — 31.50 x Language— 4.93 x Test anxiety + 28.31 x HS Dutch package + 17.86 x HS
mathematics package + 7.61 x Vocabulary — 7.81 x Academic SE comprehension + 11.05 x
Academic SE effort —0.41 xR+ 0.61x E
Female 30.70 + 2.75 x Comprehensive reading + 4.43 x Diploma parent 1 + 11.91 x Diploma parent 2 - .24 150.65

12.22 x Grit - 18.81 x Age at start HE + 3.23 x Mathematics + 1.09 x Conscientiousness + 8.37 x HS
GPA - 5.72 x Metacognition knowledge - 15.93 x Language - 5.82 x Test anxiety + 16.35 x HS
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Program(s) Gender Model R22  GPAerror®
mathematics package + 7.67 x Vocabulary - 8.04 x Academic SE comprehension + 6.04 x Academic
SE effort-0.71xR-0.62x1-0.27xA+1.10xS
1-Psychology  Across -2467.80 + 24.76 x Comprehensive reading + 14.57 x Diploma parent 1 + 20.66 x HS GPA - 10.06 x 34 153.77
genders Metacognition knowledge + 11.20 x Metacognition regulation - 29.47 x Language - 12.60 x Test
anxiety + 228.97 x HS Dutch package + 25.73 x HS mathematics package + 11.52 x Mathematics +
8.39 x Vocabulary - 20.34 x Academic SE comprehension + 1173.09 x Gender - 10.71 x
Comprehensive reading:Gender - 7.24 x HS GPA:Gender - 99.61 x HS Dutch package:Gender
Male 223.42 + 22.03 x Comprehensive reading + 27.88 x Grit - 92.54 x SES - 74.57 x Age at start HE + A7 127.41
26.85 x Autonomous motivation + 14.87 x HS GPA + 36.82 x Vocabulary - 54.26 x Self-control -
30.26 x Academic SE comprehension - 2.26 x C
Female -193.63 + 3.17 x Comprehensive reading + 17.30 x Diploma parent 2 + 6.07 x HS GPA - 10.91 x Test .27 112.12
anxiety + 26.85 x HS mathematics package + 13.84 x mathematics + 8.95 x Vocabulary - 22.64 x
Academic SE comprehension + 8.18 x Academic SE effort
2 — Medicine Across 221.84 + 8.17 x HS GPA - 6.66 x Academic SE comprehension - 2.20 x A - 20.91 x Gender + 0.99 x .28 78.72
genders A:Gender
Male 150.89 + 7.44 x HS GPA - 1.16 x A .32 58.67
Female 266.85 + 8.20 x HS GPA - 10.90 x Vocabulary .25 58
3- Across 923.89 + 6.51 x Comprehensive reading + 18.19 x Diploma parent 1 + 12.57 x Autonomous .28 140.44
Communication genders motivation + 12.47 x HS GPA - 19.90 x Metacognition regulation + 102.79 x HS mathematics

science

package + 155.29 x Gender - 43.05 x HS mathematics package:Gender
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Program(s) Gender Model R22  GPAerror®
Male -82.39 + 10.87 x Comprehensive reading - 55.28 x SES + 24.53 x Autonomous motivation + 1.14 x .36 81.51
Test anxiety + 66.56 x HS mathematics package - 17.53 x Self-control - 1.80 x | + 0.66 x E
Female -483.73 + 23.58 x Diploma parent 1 + 14.62 x HS GPA - 17.54 x Metacognition regulation .22 117.53
4 — Political Across 774.26 + 34.58 x Diploma parent 2 - 29.64 x Grit - 101.41 x Age at start HE + 16.64 x Autonomous .52 139.96
science genders motivation + 2.11 x Conscientiousness + 14.98 x HS GPA - 77.64 x Language + 47.28 x HS
mathematics package - 1.54 x C
Male 413.29 - 22.82 x Diploma parent 1 + 44.81 x Diploma parent 2 - 25.45 x Grit - 124.84 x Age at start .59 101.38
HE + 37.31 x Autonomous motivation + 22.41 x HS GPA - 164.67 x Language + 198.16 x HS Dutch
package + 37.83 x HS mathematics package - 28.34 x Academic SE comprehension
Female -1342.29 + 33.20 x Diploma parent 1 + 41.16 x Diploma parent 2 + 32.25 x Autonomous .60 100.57
motivation + 6.10 x Conscientiousness + 15.19 x HS GPA - 23.85 x Metacognition knowledge -
56.91 x Academic SE effort
5—Law Across 170.36 - 11.91 x Grit - 92.47 x Age at start HE + 15.96 x HS GPA + 25 x Metacognition knowledge + .49 111.71
genders 22.38 x HS mathematics package + 7.72 x Mathematics + 12.88 x Self-control + 16.76 x Academic
SE effort + 292.34 x Gender - 22.57 x Metacognition knowledge:Gender
Male 1302.86 - 136.79 x Age at start HE + 8.47 x Controlled motivation + 15.08 x HS GPA + 24.92 x HS .56 88.05
mathematics package + 24.14 x Academic SE effort
Female -753.57 + 15.21 x HS GPA - 21.81 x Metacognition knowledge - 9.85 x Test anxiety + 25.93 x HS 46 90.68
mathematics package + 8.75 x Mathematics + 16.15 x Academic SE effort
6 — Criminology  Across 796.99 - 14.55 x Grit + 2.65 x Conscientiousness - 4.66 x HS GPA - 63.37 x Language + 185.63 x HS .34 128.02

genders

Dutch package + 26.21 x HS mathematics package - 72.49 x Academic SE comprehension + 0.81 x S
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Program(s) Gender Model R22  GPAerror®
- 589.68 x Gender + 6.44 x HS GPA:Gender - 72.18 x HS Dutch package:Gender + 31.44 x Academic
SE comprehension:Gender
Male 324.22 + 37.79 x Metacognition knowledge - 36.69 x Metacognition regulation + 102.45 x HS 40 96.03
Dutch package + 31.49 x HS mathematics package - 36.68 x Academic SE comprehension + 2.45 x E
Female 683.48 + 4.65 x Comprehensive reading - 19.08 x Grit - 48.41 x Age at start HE + 3.49 x .36 97.05
Conscientiousness + 6.56 x HS GPA - 11.16 x Metacognition knowledge - 50.66 x Language + 18.27
x HS mathematics package - 2.02 xR+ 0.88 x S
7 — Linguistics Across 418.73 + 19.97 x Diploma parent 2 + 15.28 x Autonomous motivation + 14.94 x HS GPA —317.89 x 44 131.03
genders HS Dutch package — 936.15 x Gender + 223.79 x HS Dutch package:Gender
Male -468.13 - 39.48 x Grit + 25.84 x Autonomous motivation + 14.66 x HS GPA - 83.49 x Language - .75 61.76
79.57 x HS Dutch package + 20.51 x Mathematics - 27.04 x Academic SE comprehension + 35.38 x
Academic SE effort + 3.85 xR -2.17xS+2.69xE-3.16 xC
Female -1342.37 + 6.24 x Comprehensive reading + 121.93 x Scholarship + 16.16 x Diploma parent 2 - 42 101.81
133.16 x SES + 15.57 x Autonomous motivation + 13.39 x HS GPA + 111 x HS Dutch package
8 — Veterinary Across -653.05 + 13.22 x Diploma parent 1 + 17.83 x Fysica_score_20 + 8.28 x HS GPA + 14.75 x .36 151.83
medicine genders Metacognition regulation + 29.66 x HS mathematics package + 13.51 x Self-control - 21.55 x
Academic SE comprehension
Male -580.04 + 23.02 x Physics + 29.94 x Controlled motivation - 291.02 x Nationality + 45.64 x HS A8 107.33

mathematics package + 46.57 x Self-control
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Program(s) Gender Model R22  GPAerror®
Female -789.38 + 15.67 x Diploma parent 1 + 14.34 x Physics + 9.39 x HS GPA + 20.06 x Metacognition .38 121.27
regulation + 30.68 x HS mathematics package + 15.79 x Vocabulary - 25.71 x Academic SE
comprehension
9- Across 301.15 + 12.75 x Physics — 73.37 x Age at start HE + 0.96 x Conscientiousness + 10.78 x HS GPA + .35 145.02
Rehabilitation genders 125.37 x HS Dutch package + 24.09 x HS mathematics package — 17.04 x Academic SE
sciences and comprehension + 321.88 x Gender — 69.65 x HS Dutch package:Gender
physiotherapy
Male -559.44 + 16.56 x Diploma parent 2 + 11.92 x Physics + 13.23 x HS GPA - 74.21 x Language + 28.65 32 127.46
x HS mathematics package - 16.62 x Academic SE comprehension
Female 1938.39 + 13.48 x Physics - 113.87 x Age at start HE + 9.96 x HS GPA - 7.35 x Test anxiety - 12.51 x .35 106.59
HS Dutch package + 17.81 x HS mathematics package - 14.38 x Academic SE comprehension
10- Across -207.70 + 11.44 x Diploma parent 2 - 28.83 x Grit + 10.35 x Fysica_score_20 + 2.22 x 32 146.83
Pharmaceutical genders Conscientiousness + 8.15 x HS GPA - 43.39 x Language + 27.02 x Test anxiety + 15.96 x HS
science mathematics package - 17.40 x Academic SE comprehension + 205.74 x Gender - 22.05 x Test
anxiety:Gender
Male 2241.99 - 147.40 x Age at start HE + 13.74 x Controlled motivation + 12.06 x HS GPA .24 128.16
Female 143.11 + 8.43 x Chemistry - 34.34 x Grit + 8.69 x Physics + 1.66 x Conscientiousness + 8.58 x HS .35 106.76
GPA - 53.27 x Language - 15.56 x Test anxiety - 0.99 x A
11 — Bioscience  Across -1241.09 + 17.24 x Diploma parent 2 + 12.26 x HS GPA - 10.51 x Metacognition knowledge + 54.64 .32 143.15

genders

x HS Dutch package + 9.53 x Mathematics + 15.89 x Vocabulary + 15.21 x Academic SE effort




GENDER AND PREDICTORS OF ACADEMIC ACHIEVEMENT 63
Program(s) Gender Model R22  GPAerror®
Male -1049.88 + 24 x Diploma parent 2 + 13.28 x HS GPA - 17.76 x Metacognition knowledge + 62.61 x 31 115.15
HS Dutch package + 8.55 x Mathematics + 18.62 x Academic SE effort
Female -1067.78 + 13.54 x Diploma parent 1 + 12.52 x HS GPA + 20.74 x Vocabulary + 8.34 x Mathematics .34 103.22
+144x1-164xS+1.40xE
12 — Economy Across 367.55 + 3.03 x Comprehensive reading + 10.02 x Diploma parent 2 — 59.96 x Age at start HE + .36 137.07
genders 13.52 x HS GPA + 12.53 x HS mathematics package + 8.40 x Mathematics
Male 669.33 - 73.78 x Age at start HE + 14.29 x HS GPA + 11.92 x HS mathematics package + 9.09 x 0.36 111.56
Mathematics
Female -75.54 -15.13 x Grit + 11.16 x HS GPA - 11.60 x Test anxiety + 12.42 x Mathematics .32 96.69
13- Across -78.29 + 16.80 x Diploma parent 2 - 61.03 x Age at start HE + 7.86 x Autonomous motivation + 0.33 140.82
Engineering genders 10.85 x HS GPA + 21.04 x HS mathematics package + 36.66 x Mathematics + 212.12 x Gender -
17.04 x Mathematics:Gender
Male 116.66 + 16.31 x Diploma parent 2 - 64.17 x Age at start HE + 10.47 x Autonomous motivation + .39 103.86
10.81 x HS GPA + 23.96 x HS mathematics package + 20.49 x Mathematics + 0.96 x E - 1.21 x C
Female -340.32 +11.21 x HS GPA A1 127.37
14 - Across 284.50 - 15.24 x Diploma parent 2 - 78.43 x Age at start HE + 12.29 x HS GPA + 18.25 x HS .30 129.37
Commercial genders mathematics package + 5.69 x Mathematics + 44.17 x Vocabulary + 278.13 x Gender + 18.08 x
science Diploma parent 2:Gender - 21.43 x Vocabulary:Gender
Male -14.93 - 65.13 x Age at start HE + 17.09 x HS GPA - 64.15 x Language + 34.25 x HS mathematics .35 103.51

package + 25.60 x Vocabulary + 1.49 x R
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Program(s) Gender Model R22  GPAerror®
Female 1373.31 + 20.23 x Diploma parent 2 - 87.53 x Age at start HE + 11.03 x HS GPA - 13.20 x .30 95.02
Metacognition knowledge + 5.20 x Mathematics
15 - Across 809.19 - 12.33 x Grit - 52.19 x Age at start HE + 4.87 x HS GPA - 12.6 x Test anxiety + 22.03 x HS .30 129.37
Engineering genders mathematics package + 8.54 x Mathematics + 15.86 x Academic SE effort + 63.41 x Gender
technology
Male 900.90 - 11.67 x Grit - 49.81 x Age at start HE + 4.71 x HS GPA - 70.87 x Language - 12.88 x Test .19 125.66
anxiety + 21.43 x HS mathematics package + 8.46 x Mathematics + 16.75 x Academic SE effort
Female -775.56 - 77.04 x Scholarship + 136.35 x SES + 24.08 x Autonomous motivation + 14.24 x HS GPA - 31 88.56
47.76 x Metacognition regulation + 33.87 x Academic SE comprehension
16 — Applied Across -839.26 + 9.01 x Comprehensive reading + 19.66 x Diploma parent 1 + 16.14 x HS GPA + 1.42 x S - 0.34 147.56
linguistics genders 1.4092 x E - 71.11 x Gender
Male -1300.55 + 9.56 x Comprehensive reading + 29.19 x Diploma parent 1 + 17.86 x HS GPA + 57.24 x .63 80.56
HS mathematics package - 26.95 x Academic SE comprehension + 23.18 x Academic SE effort +
1.67 xS
Female -813.71 + 7.05 x Comprehensive reading + 16.28 x HS GPA .25 126.29

Note. Variance Inflation Factor (VIF) values of the predictors were all below 10, indicating that the multicollinearity levels between the predictors lied within

the acceptable range (Stevens, 2012). HS = high school, HE = higher education, Academic SE = Academic self-efficacy, R = realistic interest dimension, | =

investigative interest dimension, A = artistic interest dimension, S = social interest dimension, E = enterprising interest dimension, C = conventional interest

dimension.

aThe explained population variance is represented by Nagelkerke’s R2. P The GPA (grade point average) error is used to reflect the accurateness of the
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model. It is the average absolute prediction error of the prediction model (i.e., the average of the difference between the actual GPA of each student and

the GPA predicted by the model for that student).
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APPENDIX D

Correspondence between the general and gender-specific prediction models

We explored the correspondence between the general model and the gender-specific

models (see Table D1). For the male models, a mean correspondence of M = 0.46, with a standard
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deviation of SD = 0.23 was found. The correlation between these correspondence measures and the

gender proportion of each study program (calculated as the percentage of male students, excluding

the model across programs) was r(14) = .89, p < .001. The same was done for the female models,

which resulted in a mean correspondence of M = 0.42 with a standard deviation of SD =0.17. The

correlation between these correspondence measures and the gender proportion of each study

program (calculated as the percentage of female students, excluding the model across programs)

was r(14) =.77, p < .001. In sum, if one gender is predominantly present in a study program, the

composition of the prediction model of the dominant gender aligns better with the composition of

the general model.

Table D1

Correspondence Between the General and Gender-specific Models of Academic Achievement

Program

Correspondence male and
general model @

Correspondence female and
general model 2

Across programs ®
1-PSY

2—-MED
3-COM SCI
4 - POL SCI
5-LAW

6 - CRIM

7 —LING

8 —VET MED
9 — REHAB SCI
10 - PHARMA
11 - BIOSCI
12 - ECON

13 -ENG

14 - COMMER SCI

.68
.26
40
.27
.58
.36
27
.23
.33
.40
.08
.86
.67
.75
.50

77
.35
40
.50
.33
.45
.50
.57
.67
.67
.50
.27
.25
17
.57
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15-ENG TECH .88 .08
16 — APL LING .50 .40

2The correspondence measures are calculated as the total amount of shared predictors between the
two models, divided by the total amount of predictors present across both models. ® The data across
programs is based on all programs but excluding data from programs medicine and rehabilitation

science and physiotherapy.



