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ABSTRACT  
Study orientation tools are frequently grounded in the notion that 
achieving person-environment (PE) fit is key to academic success. 
Nevertheless, the literature reveals two notable gaps: the focus 
on predictive rather than explanatory role of PE fit within a 
broader set of variables, and its varying impact on outcomes 
across study programmes. This study aimed to address these 
gaps by investigating the relative importance of PE fit within a 
comprehensive set of pre-enrolment predictors to predict 
programme-specific persistence. We analysed data from 1305 
prospective first-year students across five study programmes, 
with at least 200 students per programme. Data analysis included 
propensity score weighting and logistic LASSO regressions with 
cross-validation. The results indicated prediction accuracy in each 
programme ranging from 67% to 77% in the training data, which 
reduced to 50–75% in the test data, reflecting good prediction of 
persistence but challenges in predicting dropout. Inspection of 
the retained predictors revealed varying predictors across study 
programmes, with interest and skill fit variables representing the 
largest effects. This study underscores the necessity of programme- 
specific predictions to understand the relationship between PE fit 
and first-year persistence. The findings lay the groundwork for more 
personalised feedback in study orientation tools.
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Introduction

Selecting a study programme in higher education presents a significant challenge for pro
spective students, who often lack the tools to guide their choice. This can lead to mis
matched choices and subsequent dropouts. In response, study orientation instruments 
have been introduced in several countries, including Belgium, Germany, and the 
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Netherlands, to support prospective students prior to enrolment in enhancing their 
alignment with chosen study programmes (Merkle et al. 2023; Schelfhout et al. 2021; 
Soppe et al. 2019).

These study orientation tools are fundamentally grounded in the concept that ensur
ing alignment between students’ individual characteristics and features of a study pro
gramme (i.e. person-environment fit) is crucial for successful completion (Messerer, 
Karst, and Janke 2023). While several conceptualisations of fit have been examined in 
relation to dropout, the most effective way to conceptualise fit remains unclear. Addition
ally, existing research into fit primarily seeks to identify models explaining theoretical 
relationships rather than predicting patterns in new data. This research often assumes 
that the relationship between fit and academic outcomes is similar across different 
study programmes. This explanatory approach does not adequately assess whether 
these tools can accurately predict outcomes for individual students in a new cohort 
and whether a single theoretical model is appropriate for different study programmes 
(Schelfhout et al. 2022; Shmueli 2010; Yarkoni and Westfall 2017). Yet, such predictive 
ability would significantly assist students in selecting a well-aligned study programme.

The main aim of the present study is to contribute to the understanding of the inter
relations between fit conceptualisations, the relationship between fit and persistence 
across study programmes, and the predictive value of pre-enrolment student-study pro
gramme fit. To achieve this objective, we employ predictive techniques. The findings 
from this research can inform orientation practices by identifying which programme- 
specific fit predictions should be integrated into tools that provide students feedback 
on their study orientation.

Person-environment fit in higher education

Person-environment (PE) fit is defined as compatibility between individuals and their 
environment (van Vianen 2018). It originally emerged in vocational psychology, but 
has been applied in higher education contexts for over two decades (e.g. Holland 
1997), where it refers to the alignment between students’ characteristics and programme 
attributes. A favourable fit at enrolment is widely believed to positively impact persist
ence (e.g. Nye et al. 2018; Tracey, Allen, and Robbins 2012), underscoring the critical 
importance of achieving an optimal fit at the start of the programme.

Many study orientation instruments, designed to support students in selecting a study 
programme aligned with their personal attributes, rely on PE fit as a critical construct. 
However, these instruments often fall short in effectively supporting students’ 
decision-making, as the automated feedback they provide tends to be overly generic 
(Soppe et al. 2019). To enhance the effectiveness of these instruments, it is necessary 
to address three key research gaps: the various conceptualisations of PE fit, the relation
ship between PE fit and persistence across different study programmes, and the predic
tive value of PE fit.

Conceptualisations of PE fit

The first research gap focuses on the conceptualisation of PE fit. Fit between stu
dents and their study programme is commonly described by students’ interests 
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and skills. Both are considered crucial for persistence: students who possess the skills 
but have no interest, are likely to drop out, as are students who have the interests 
but lack the skills (de Vries, Meeter, and Huizinga 2024; Etzel and Nagy 2016). 
For an overview of prior research regarding student-study programme fit, we refer 
the readers to Bohndick et al. (2018), who provide a clear differentiation of objective 
and subjective PE fit, and empirically demonstrated that differences in skill fit 
explain differences in performance and satisfaction with the study programme. 
Adding to this, de Vries, Meeter, and Huizinga (2024) provide a deeper dive into 
interest fit in a meta-analysis indicating that interest fit is positively related to 
achievement, persistence, and satisfaction.

Measures of interest fit often rely on Holland’s (1997) RIASEC framework to assess 
students’ vocational interests (de Vries et al. 2024). The model specifies six types of inter
ests: realistic, investigative, artistic, social, enterprising, and conventional. Recently, 
alternative interest frameworks have also been used to describe students’ interests. For 
example, Jacob et al. (2020) found that secondary school students interested in STEM 
subjects are more likely to pursue STEM programmes in higher education. Additionally, 
Messerer et al. (2024) demonstrated that programme-specific interest fit was more 
strongly related to academic success than RIASEC fit. However, comparative evidence 
on different interest frameworks in relation to fit and persistence in higher education 
remains scarce.

Skill fit has received less attention in the literature and lacks a common assessment 
approach in relation to study programmes (Bohndick, Breetzke, and Rosman 2022). 
Options include programme-specific aptitude tests, high school grades, and self- 
assessed general skills (Bohndick, Breetzke, and Rosman 2022; Nguyen, Williams, 
and Ludwikowski 2017; Niessen, Meijer, and Tendeiro 2016). Given the substantial 
effort needed to develop aptitude tests for each programme, utilising high school 
grades offers a more efficient method to assess skills. Contrasting these objective 
approaches is the measurement of self-reported skills, which capture students’ percep
tions of their skills (Bohndick, Breetzke, and Rosman 2022). As these perceived skills 
are also relatively straightforward to measure and may relate differently to outcomes 
than direct measurement of skills, inclusion of both objective and perceived skills 
could enhance PE fit models.

PE fit for interests and skills can be assessed through two approaches: as objec
tive fit, which refers to the alignment between students’ interests and skills and the 
requirements of their study programme, and as subjective fit, which reflects stu
dents’ perceptions of their fit within their study programme. Although subjective 
fit has been shown to affect academic success and persistence (e.g. de Vries 
et al. 2024; Etzel and Nagy 2016; Merkle et al. 2025), accurately predicting subjec
tive fit is challenging for students as they lack prior experience with the academic 
context. Moreover, students often have inaccurate expectations about their study 
programme prior to enrolment (Heublein 2014). Consequently, subjective fit was 
not included in this study.

Studies often incorporate a single conceptualisation of PE fit, likely to maintain model 
parsimony. However, this approach limits the ability to compare the relative effectiveness 
of different conceptualisations of PE fit or to identify combinations of conceptualisations 
that most accurately predict persistence.
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Relationship between PE fit and persistence across study programs

The second research gap addresses the relationship between PE fit and persistence across 
different study programmes. Existing research often assumes, either explicitly or 
implicitly, that the strength of this relationship remains consistent across study pro
grammes. As a result, most studies explore this relationship without considering the 
variability in study programme contexts.

However, exceptions include the works of Nguyen, Williams, and Ludwikowski (2017) 
and Schelfhout et al. (2022). Nguyen, Williams, and Ludwikowski (2017) examined the 
relationship between PE fit, achievement, and persistence in biology and chemistry pro
grammes. Although they found no significant relationships between interest fit and aca
demic outcomes, their findings revealed programme-specific differences in the influence 
of skill fit. For chemistry students, prior achievement in science was a significant predic
tor of persistence, whereas this was not observed for biology students. Similarly, Schelfh
out et al. (2022) modelled program-specific basic skillsets for 21 study programmes, 
identifying a unique skillset for each programme. In some programmes, students’ high 
school grades were the sole predictor of persistence, while in other programmes, a com
bination of interest and skill fit was more predictive.

These findings underscore the importance of considering variability in PE fit across 
study programmes. Insight into such variability could ultimately benefit study orien
tation instruments by making it possible to provide programme-specific individualised 
feedback Such feedback would help students evaluate their alignment with their 
chosen programme relative to alternative options, thereby facilitating more informed 
decision-making.

Explanation vs prediction of PE fit

The third research gap focuses on the analysis methods to understand the relationship 
between PE fit and persistence. Current PE-fit research (e.g. Nye et al. 2018) is typically 
explanatory in nature and aims to test hypotheses, evaluate the explained variance in 
population outcomes, and build causal theories. Such studies help understand how PE 
fit and persistence relate within the general student population (Schelfhout et al. 
2022). However, explanatory models – with high explained variance in existing datasets – 
do not necessarily perform well in predicting outcomes for individual students in a new 
cohort (Shmueli 2010; Yarkoni and Westfall 2017), which is the primary objective of 
study orientation instruments.

Explanatory models estimate regression coefficients to minimise the sum of squared 
errors within a given sample (Yarkoni and Westfall 2017). As data are influenced by 
sample-specific error, the explained variance in fitted models is almost always overly 
optimistic, a phenomenon called overfitting. In other words, an explanatory model 
may explain why a current cohort succeeded but fail to accurately predict outcomes 
for individual students in new cohorts (Schelfhout et al. 2022). In contrast, predictive 
models aim to minimise overfitting by employing cross-validation and regularisation 
to predict outcomes for new data. Cross-validation refers to training and testing 
models on separate samples (Yarkoni and Westfall 2017). Regularisation adds a 
penalty term to discourage complex models, automatically selecting important variables 
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by reducing less important coefficients to zero, thereby simplifying interpretation 
(Hastie, Tibshirani, and Friedman 2009).

The application of predictive techniques can significantly improve the accuracy of PE 
fit predictions within new cohorts. An additional benefit of these techniques is the ability 
to manage large numbers of potentially correlated variables, with regularisation ensuring 
the selection of the most relevant predictors. This enables the analysis of various concep
tualisations of PE fit, identifying those most effective in predicting persistence. Determin
ing the combination of interests and skills that predict individual student persistence 
within specific study programmes serves as a foundation to develop study orientation 
tools capable of providing tailored feedback to prospective students prior to their 
enrolment.

Dropout in higher education

This study intends to investigate the predictive value of PE fit prior to enrolment for 
dropout and persistence in higher education. However, this analysis must be considered 
within the broader context of established dropout predictors. Heublein’s (2014) process 
model of student dropout outlines multiple phases, including a pre-enrolment phase 
characterised by well-established predictors of achievement and persistence, such as 
prior achievement, personality, autonomous and controlled motivation (Delnoij et al. 
2020; Schelfhout et al. 2022), study choice process (Demulder et al. 2023), and student 
background (Heublein 2014). A long-standing line of research into dropout focuses on 
Heublein’s (2014) second phase, the Current Study Situation, with seminal models devel
oped in the ‘70s (e.g. Spady 1970; Tinto 1975). In that phase, academic and social inte
gration are important in the processes leading up to dropout. However, these factors are 
not yet observable before enrolment, and thus cannot be used to ameliorate choice pro
cesses of students. Consequently, this study focuses on pre-enrolment factors associated 
with dropout.

The present study

To address the three research gaps identified above, this study aimed to apply a predictive 
approach within a PE fit perspective in higher education. This way, we aim to provide 
new knowledge that might eventually be helpful to the design of study orientation instru
ments. While this study focuses on PE fit as a predictor of first-year persistence, we 
included additional pre-enrolment data as control variables. By employing predictive 
techniques such as cross-validation and regularisation, we aimed to understand the 
extent to which pre-enrolment data can accurately predict programme-specific 
persistence.

Our research focused on two main questions: (1) How do different PE fit conceptual
isations influence persistence across study programmes when controlling for other pre- 
enrolment variables? (2) To what extent can programme-specific persistence and 
dropout be accurately predicted based on PE fit and pre-enrolment data? The first ques
tion addresses gaps regarding PE fit conceptualisations and their relationship with per
sistence across study programmes. The second question explores the gap concerning the 
application of predictive analytics for programme-specific outcomes in higher education.
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Data for this study were collected in an ecologically valid field study, tracking students 
during their transition to university. By dividing the data into training and test datasets, 
we simulated how higher education institutions can use data from previous cohorts to 
model the relationships between pre-enrolment factors and persistence, and predict per
sistence for new cohorts. The resulting insights are a crucial addition to current explana
tory findings, informing the development and refinement of pre-enrolment tools 
designed to provide students with feedback about their alignment.

Method

Context

In the Netherlands, students commit to a specific bachelor’s programme and all students 
within that programme follow an identical curriculum during the first year. Students gain 
access to higher education after completing the necessary prior degrees, such as pre-uni
versity secondary education (or a propaedeutic or full degree from a university of applied 
sciences) for research universities. Some bachelor’s programmes have additional subject 
requirements. Most programmes are open to all students who meet these criteria, with a 
few exceptions for selective programmes such as Medicine. To combat high dropout 
rates, institutions are required to assess whether students have made an informed 
study choice through the non-binding Study Choice Check before the start of the aca
demic year. Institutions typically administer a questionnaire and provide generic, auto
mated feedback (Soppe et al. 2019).

Participants and procedure

Participants were prospective and first-semester students at a Dutch research university, 
who started a bachelor’s programme in September 2020 or 2021.1 All students were 
invited to partake in a university-wide pilot study for a revised Study Choice Check ques
tionnaire, receiving the invitation via e-mail in October 2020 (first-semester students) or 
May 2021 (prospective students). The pilot-Study Choice Check comprised several vali
dated questionnaires integrated into an online test platform, emphasising personal 
characteristics such as personality, motivation, interests, and skills (see also the Instru
ments section). As this was a pilot version, no feedback was provided to participants. 
To encourage participation, an incentive was provided in the form of a raffle with 10 
Samsung mini tablets as prizes. Prior to completing the questionnaire, participants pro
vided informed consent, including for using administrative university data in the study.

After the first year, additional demographic and outcome information was extracted 
from the university’s administration. Students who registered but eventually decided 
not to enrol in and commence a bachelor’s programme, were not included in the univer
sity administration. As demographic and outcome data were not available for these stu
dents, they were excluded from analysis. Additionally, we excluded 96 students (6.8%) 
who completed secondary education outside the Netherlands to have uniform data on 
secondary education subjects and grades. Nine students (0.7%) aged 28 or older were 
also excluded, because we were interested in the study orientation following secondary 
education. The age limit was based on the upper limit for government student 
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funding. To ensure sufficient power in our predictive models, we included only students 
enrolled in non-selective programmes with at least 200 participants across both cohorts. 
The programmes meeting these criteria were Biomedical Sciences, Business Adminis
tration, Health & Life Sciences, Law, and Movement Sciences. The total sample size 
was 1,305 students (see Table 1 for the sample characteristics for each programme).

Notably, this study was conducted during the COVID-19 pandemic. For students 
entering university in September 2020 or 2021, the pandemic likely influenced their 
study choice process, distinguishing it from that of students in pre- or post-pandemic 
years. Due to restrictions, universities were unable to host on-campus orientation activi
ties, and secondary schools adopted a hybrid model of online and in-person education, 
which presumably impacted their study choice process. Throughout both academic 
years, students experienced a blend of online and on-campus education, with the first 
cohort being more affected by lockdowns and mandatory online education than the 
second cohort. To mitigate cohort-specific effects, we pooled data from both cohorts, 
and later split it into training and test datasets, ensuring an equal division of both 
cohorts.

This study adhered to a protocol approved by the ethics committee of the Faculty of 
Behavioural and Movement sciences (FGB) of Vrije Universiteit Amsterdam (#VCWE 
2017-104) and follows the ethical principles of the Declaration of Helsinki. Additionally, 
the data collection was approved by the university’s privacy officers and complied with 
the GDPR privacy regulations.

Instruments

The outcome variable, first-year persistence and dropout, was extracted from the univer
sity’s administration, with a score of 0 assigned to persistence (i.e. continuing in the same 
programme) and 1 to dropout (i.e. switching programmes or ceasing tertiary education). 
We categorised all predictors into five groups: (1) interest fit, (2) skill fit, (3) prior 
achievement, personality, and autonomous and controlled motivation as general predic
tors of academic achievement, (4) study choice process, and (5) background 
characteristics.

Interest fit
Vocational interests were assessed with the Interest and Skill Inventory on Educational 
Choices (ISEC; Meens et al. 2019), comprising 38 items on a 5-point Likert scale 

Table 1. Included study programmes.
Programme Training Test

Biomedical Sciences N = 172, 72% female, 
Mage = 18.6, SDage = 1.21

N = 113, 73% female, 
Mage = 18.6, SDage = 1.29

Business Administration N = 181, 30% female, 
Mage = 18.7, SDage = 1.23

N = 120, 38% female, 
Mage = 18.7, SDage = 1.41

Health and Life Sciences N = 160, 85% female, 
Mage = 18.5, SDage = 1.04

N = 105, 92% female, 
Mage = 18.4, SDage = 0.92

Law N = 127, 84% female, 
Mage = 19.4, SDage = 1.64

N = 83, 76% female, 
Mage = 19.6, SDage = 1.83

Movement Sciences N = 147, 46% female, 
Mage = 18.6, SDage = 1.23

N = 97, 58% female, 
Mage = 18.7, SDage = 1.33
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(1 = completely disagree, 5 = completely agree). In line with (Meens et al. 2019), these 
items were organised into seven subscales, corresponding to the six types of vocational 
interests with the investigative subscale being split into Investigative humanities interests 
and Investigative sciences interest. Each vocational interest scale comprised six items, 
with the exception of the Investigative subscales, which both included four items. An 
example item is: ‘Helping others with things they are less good at’. Participants rated 
their level of interest for each activity. Cronbach’s alphas ranged between .71 and .81 
in our dataset. In the models, we included the seven scale scores of the interest ratings.

Vocational interest congruence quantifies the degree of alignment between students 
and their study programmes. In line with prior research (de Vries et al. 2024; Schelfhout 
et al. 2022), we have included two operationalisations of congruence in our analyses: 
profile correlation (Tracey, Allen, and Robbins 2012) and polynomial regression (Nye 
et al. 2018). We described these approaches concisely, using the same calculations as 
de Vries et al. (2024). For each student, we created environmental interest scores by 
aggregating the vocational interest scale scores within each study programme excluding 
the student themselves to ensure independence, in line with Holland’s (1997) assumption 
that people make up the environment. A profile correlation was computed between stu
dents’ own vocational interest scores and the environmental scores related to their study 
programme (range −1–1, larger correlations denoting better fit), providing a single-value 
indicator of interest fit. The second approach, polynomial regression, involved the con
struction of a regression model with linear and quadratic terms of individual and 
environmental vocational interest scores as predictors and the number of obtained 
ECTS in the first year as outcome. To address multicollinearity, all predictors were 
grand-mean centred. The resulting model was used to obtain a predicted score, 
serving as another single-value indicator of interest fit.

High school subject interests were measured on a five-point Likert scale, indicating 
how interested students were in various subjects, such as mathematics, chemistry, 
history, and modern languages. Students could indicate that they did not take a 
subject. Each school subject was added as a single variable in the analyses.

Programme-specific interests were measured with ten statements relating to the con
tents of the study programme. Students rated their interest in the statement on a 5-point 
Likert scale. An example item for Business Administration is ‘Delving into strategic 
decisions of companies’. These statements were developed by the programme directors 
at the university where the research was conducted. We performed an exploratory 
factor analysis to determine whether the statements adequately loaded onto the same 
factor, which was the case for all included programmes. Cronbach’s alphas ranged 
between .79 and .85. Each scale score was added to the corresponding programme- 
specific model.

Skill fit
High school subject exam grades were obtained from the university’s administration. 
Missing values for subject exam grades indicated that students did not take their final 
exams in that specific subject. In the Netherlands, the grading system ranges from 1 to 
10, with a 10 denoting excellence and a 5.5 serving as the threshold for passing.

Self-rated skills were also assessed with the ISEC (Meens et al. 2019), consisting of the 
same subscales as vocational interests. For each statement, students indicated how skilled 
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they are in the activity. Cronbach’s alphas ranged between .67 and .78 for interests in our 
dataset. The scale scores of the skills ratings were added in the models.

Prior achievement, personality, and motivation
Prior achievement was operationalised as high school grade point average (HSGPA), 
which was obtained from the university’s administration.

Personality traits were assessed using the Big Five Inventory 2 (BFI-2; Soto and John 
2017), comprising 60 items on a 5-point Likert scale (1 = completely disagree, 5 = comple
tely agree). The BFI-2 measures extraversion, agreeableness, conscientiousness, open- 
mindedness, and negative emotionality, employing 12 items each with Cronbach’s 
alphas between .77 and .89 in our dataset. An example item is: ‘I am someone who is 
curious about many different things’. The variables of interest were the scale scores for 
each personality trait.

Autonomous and controlled motivation was assessed with the Academic Self-Regu
lation Questionnaire (SRQ-A; Ryan and Connell 1989), comprising 32 items on a 5- 
point Likert scale (1 = completely disagree, 5 = completely agree). The SRQ-A measures 
both autonomous and controlled motivation for the chosen study programme. Both 
were assessed by 16 items each, with Cronbach’s alphas of .85 and .84, respectively, in 
our dataset. An example item is: ‘I am motivated to study, because I want to learn 
new things’. We included the scale scores for each type of motivation.

Study choice process
Attendance at orientation activities was measured with four dummy variables (yes/no), 
referring to activities commonly implemented by Dutch higher education institution, 
such as open days. Students also indicated whether they had registered for a selective 
study programme, in which case the programme they had started was likely their 
back-up choice. Students’ engagement in the study choice process was measured with 
the Dimensions of Identity Development Scale (DIDS; Luyckx et al. 2008), recognising 
that the study choice process is a vital part of adolescents’ identity development (Blustein, 
Devenis, and Kidney 1989; de Vries, Meeter, and Huizinga 2024). The DIDS comprises 
25 items on a 5-point Likert scale (1 = completely disagree, 5 = completely agree). Students 
were asked to indicate to what extent they agreed with the statements relating to their 
study choice. Items were distributed across five subscales containing five items: explora
tion in breadth, exploration in depth, ruminative exploration, commitment, and identifi
cation with commitment. In our sample, all subscales except one displayed satisfactory 
reliability, with Cronbach’s alpha between .70 and .89. The exploration in depth subscale 
had a Cronbach’s alpha of .59. This lower reliability was found in other studies as well 
(e.g. Mannerström, Hautamäki, and Leikas 2017). Despite this, we retained the subscale 
given its adequate reliability of .79 in the initial validation study. The variables of interest 
were the scores on the subscales.

Students’ backgrounds
Basic student information was obtained with students’ permission from the university 
administration (age, gender, study programme enrolled in). Gender was coded as 0 for 
male students and 1 for female students. In addition, students completed questions 
regarding their first-generation status, prior education, and four items regarding their 
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current situation (e.g. obstacles and supports to their study). First-generation status was 
coded as 0 for students of whom a parent had completed higher education and 1 for first- 
generation students, whose parents did not complete a higher education degree. Prior 
education was coded as 0 for students with a degree from a university of applied sciences 
and 1 for students with a pre-university secondary education degree. Students’ current 
situation was indexed with items, such as ‘My financial situation can be an obstacle to 
my studies’. Current situation items were measured on a five-point Likert scale.

Analytical strategy

R for statistical computing (R Core Team 2021) was employed for all data preparations 
and analyses. For centring, scaling, transformation and imputations, we used the prePro
cess function from the caret package (Kuhn 2008). For the final regressions, we utilised 
the glmnet package (Friedman, Hastie, and Tibshirani 2010).

Data preparation
Prior to formal analysis, we inspected the data using plots and descriptive statistics. Vari
ables exhibiting near-zero variance within a study programme were removed. To address 
multicollinearity, we checked for variables with correlations exceeding .75 (Kuhn and 
Johnson 2013). When two variables exhibited a correlation above this threshold, we cal
culated the average correlation of each variable with all other variables, removing the one 
with the largest average correlation.

Missing data were present only in continuous variables, due to incomplete student 
response on the questionnaire or gaps in the university’s administrative records. Vari
ables with fewer than 50 observations within a study programme were removed. For 
example, the number of Law students who took chemistry as an exam subject in second
ary education was exceedingly low, resulting in insufficient valid observations for this 
variable in the Law dataset. Consequently, this variable was removed from the Law 
dataset.

To denote missingness we created dummy variables, recognising that missingness can 
be informative (Eegdeman et al. 2023), while ensuring no dummy variables contained 
identical missingness information. After these steps, each study programme dataset 
retained 89–91 predictor variables. Due to differences in near-zero variance, multicolli
nearity and missingness across programmes, it varied across programmes how many and 
which variables were removed. A comprehensive list of predictors for each programme is 
provided in the Supplementary Material.

The data was then divided into training and test sets for each study programme, using 
stratified random 60/40 splits to ensure equal distribution of cohorts and dropout rates 
between the sets. Within each set, we scaled and centred the continuous data, utilised k- 
nearest neighbours imputation for missing data, and applied a Box Cox transformation. 
All dichotomous variables were also scaled to obtain standardised coefficients.

Propensity score weighting
As students self-selected into the study, there was a potential for non-response bias, 
where respondents may systematically differ from non-responders. To mitigate this 
bias, we estimated propensity score weights based on background characteristics (age, 
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gender, and HSGPA) within each study programme (Austin 2011; Rosenbaum and 
Rubin 1983). The propensity score, which represents the probability that a person is 
assigned to a particular group given these background characteristics, was calculated 
using a synthetic dataset, as we lacked full cohort data from 2020 and 2021. The synthetic 
dataset was created using ten years (2010–2019) of historical student data from the uni
versity, containing the same patterns as the original data while ensuring full anonymity 
(van Deursen and Bakker 2020).

We extracted relevant student data from this synthetic dataset and employed logistic 
regression to predict response status (non-response/synthetic students = 0, response/ 
study sample = 1) based on age, gender, and HSGPA (Bryer 2023). Each student’s pre
dicted probability represented the propensity score. Response sample weights were cal
culated by dividing one by the propensity score, while non-response sample weights 
were calculated by dividing one by one minus the propensity score. The mean estimated 
weights and ranges per study programme are detailed in Table 2. The weights for the 
response sample were subsequently used in the predictive modelling.

Logistic LASSO regression
To create programme-specific predictions of dropout, we employed logistic Least Absol
ute Shrinkage and Selection Operator (LASSO) regression (Tibshirani 1996). LASSO is a 
form of regularised regression that uses an L1 penalty (lambda) to prevent overfitting and 
enhance the prediction accuracy. This penalty term reduces some coefficients to zero, 
effectively performing variable selection, which is especially useful when dealing with a 
large number of predictors. We estimated the LASSO models separately for each study 
programme, including the estimated propensity score weights.

We employed ten-fold cross-validation to find the optimal lambda value, as rec
ommended for small sample sizes (Kuhn and Johnson 2013). The data were split into 
ten datasets (i.e. folds). For 100 values of lambda, the data were fit on nine folds with 
LASSO and the estimated coefficients were used to predict values in the tenth fold. 
The process was then repeated until each fold had served as the validation set. For 
each value of lambda, the area under the curve (AUC) was averaged across each fold, 
which was then used to determine the optimal value of lambda.

The optimal lambda, which minimises cross-validated error, was utilised to estimate 
the model on the training data. Due to the potential error in cross-validation, it is also 
common practice to estimate the model using the optimal lambda value plus one 

Table 2. Propensity score weights per study programme.
Study Programme Group M SD Min Max

Biomedical Sciences Non-response 2.47 0.83 1.09 4.50
Response 1.67 0.54 1.27 7.58

Business Administration Non-response 1.42 0.15 1.05 2.19
Response 3.40 1.17 2.33 14.51

Health & Life Sciences Non-response 1.49 0.46 1.00 4.04
Response 2.86 2.45 1.55 25.42

Law Non-response 1.40 0.24 1.05 2.23
Response 3.45 1.73 1.93 12.47

Movement Sciences Non-response 1.98 0.87 1.01 7.25
Response 2.05 1.66 1.21 17.17
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standard error (Hastie, Tibshirani, and Friedman 2009). The coefficients from both 
models were then used to predict dropout in the test data.

The models were developed to predict dropout, and their performance was assessed 
based on this objective. In dropout predictions, samples are often unbalanced, with 
the majority of students persisting and a smaller number dropping out. Conventional 
methods for evaluating predictive model accuracy, such as R², can be misleading in 
these cases, as they may primarily reflect correct identification of persisting students 
while failing to accurately identify dropouts (Eegdeman et al. 2023). Therefore, we 
employed more appropriate performance measures, including sensitivity, specificity, pre
cision, and AUC. Sensitivity (True Positive Rate) is the proportion of correctly predicted 
dropouts among the actual dropouts, specificity (True Negative Rate) is the proportion of 
correctly predicted persisting students, and precision is the proportion of correctly pre
dicted dropouts among all predicted dropouts. AUC is a value between 0 and 1 describ
ing the model’s ability to distinguish groups in the trade-off between false-positives and 
false-negatives, with values above .7 considered acceptable and above .8 excellent (Man
drekar 2010).

Results

Table 3 presents the performance metrics of the dropout prediction models for each 
study programme using both the optimal lambda and the lambda plus one standard 
error. The optimal lambda effectively reduced the number of predictors to a 
maximum of 22. The optimal lambda values generally resulted in more sensitive, 
specific, and precise predictions than lambda plus one standard error, although the 
overall predictive power remained modest. Predictions were more accurate with the 
training data than the test data. The lambda plus one standard error removed further 
reduced the number of predictors, but it failed to make any predictions in three pro
grammes and resulted in less accurate predictions in the remaining two programmes.

The retained variables and their coefficients are presented in Table 4. The models 
were estimated to predict dropout. A positive coefficient indicates that the variable 
predicts dropout. In the following paragraphs, the results are discussed per cluster 
of variables.

Interest fit

Students’ interests emerged as significant predictors across all five models. RIASEC inter
est fit measured with a polynomial regression was retained in four study programmes, 
demonstrating small effects in Biomedical and Movement Sciences and moderate 
effects in Business Administration and Health & Life Sciences. RIASEC interest fit 
measured with a profile correlation was also retained in these latter programmes, 
albeit with smaller effects. Separate RIASEC interests were selected in four models, gen
erally exhibiting small effects, except for a moderate effect of conventional interests in the 
Law model. High school subject interests demonstrated small effects in various pro
grammes, with moderate effects for mathematics interest in Business Administration 
and geography interest in Health & Life Sciences. Interestingly, programme-specific 
interests were not retained in any of the models.
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Skill fit

Students’ skills were relevant predictors across all models, particularly students’ high 
school subjects exam grades. In most cases, the retained subjects aligned with expec
tations. For example, higher grades in biology predicted persistence in Biomedical 
Sciences, and higher mathematics grades in Business Administration. However, some 
findings were more challenging to explain, such as lower languages grades predicting per
sistence in Business Administration. Whether students took a particular subject also 
influenced persistence; for example, students who did not take economics were more 
likely to drop out of Business Administration. Although at least one RIASEC skill was 
retained in all models except Health & Life Sciences, they generally showed very small 
effects. Only realistic skills had a small effect in the Law model, such that students 
with lower realistic skills were more likely to persist in Law.

Other pre-enrolment predictors

Personality traits played a minor role in three models, while autonomous and controlled 
motivation along with HSGPA were excluded from all models. Predictors related to the 
study choice process were retained in each model, but their effects were small. Students’ 
backgrounds played a minor role in the predictive models, although gender emerged as a 
small to moderate predictor in two models.

Discussion

This study investigated PE fit within specific academic programmes to predict first-year 
persistence in higher education. By integrating measures of interest and skill fit with 
other pre-enrolment factors, we sought to evaluate the relative importance of various 
PE fit constructs within specific programmes. Using predictive techniques, including 
cross-validation and regularisation, we examined the accuracy of programme-specific 
prediction models. This approach addressed three research gaps concerning (1) 
various conceptualisations of PE fit, (2) variability in the relationship between PE fit 
and programme-specific persistence, and (3) the predictive value of PE fit. Thereby, 
this study offers critical insights into improving the effectiveness of study orientation 
tools that assist students in selecting programmes that align with their individual 
characteristics.

The first research question addressed the significance of various PE fit conceptualis
ations in relation to other pre-enrolment variables across study programmes. Although 
the specific predictors varied across the study programmes aligning with prior pro
gramme-specific research (Schelfhout et al. 2022), interest and skill fit variables demon
strated the largest effects in predicting persistence and dropout. Interest fit measured 
with polynomial regression was retained in four out of five models, with varying effect 
sizes. Subject interests and separate RIASEC interests exhibited small to moderate 
effects, while programme-specific interests were not retained in any of the models, con
trary to findings of Messerer et al. (2024). This discrepancy may be attributable to high 
levels of programme-specific interests, resulting in minimal variance among students, or 
due to these questions querying about hypotheticals, since students have not yet 
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experienced the study programme. Skill fit primarily influenced students’ persistence and 
dropout through exam grades in subjects relevant to the programme. Although interest 
and skill fit are generally relevant predictors of individual student persistence, these 
findings indicate that the most effective conceptualisation of PE fit varies across study 
programmes. Furthermore, combining multiple conceptualisations of fit provides 
additional predictive value beyond relying on a single conceptualisation. These results 
suggest that future research should, at a minimum, account for the diversity of study pro
grammes and, where analytical methods permit, incorporate multiple conceptualisations 
of fit.

Interestingly, typical predictors of achievement such as HSGPA, personality, and 
autonomous and controlled motivation had only marginal effects. This may be due to 
the complexity of interrelationships in programme-specific outcomes compared to popu
lation-based approaches (Vedel, Thomsen, and Larsen 2015). However, Schelfhout et al. 
(2022) found that high school GPA was an important predictor of first-year success in 
their programme-specific models, although their models did not include subject 
grades. Our models indicated that GPA did not add predictive value beyond relevant 
subject grades in programme-specific persistence. Overall, the findings suggested that 
HSGPA, personality, and autonomous and controlled motivation are less relevant in a 
programme-specific PE fit framework to predict persistence.

Students’ study choice process had small effects on predicting programme-specific 
dropout, with attendance of orientation activities being the most common predictor. 
Exploration and commitment scales presented counterintuitive effects for programmes 
that serve as back-ups for selective programmes like Medicine, possibly explaining the 
varying results in previous studies (de Vries, Meeter, and Huizinga 2024; Demulder 
et al. 2023). These results suggest that the relationships between the study choice 
process and persistence vary across programmes and are more complex than established 
in the literature thus far.

Students’ backgrounds represented a final group of variables, only scarcely related to 
persistence and dropout across programmes, except for moderate effects of gender in 
Biomedical Sciences and age in Movement Sciences. Importantly, first-generation 
status or students’ financial and care-taking situations did not impact persistence in 
any of the models.

The second research question explored the extent to which programme-specific per
sistence could be accurately predicted based on pre-enrolment data. Prediction accuracy 
ranged from 67% to 77% in the training data and decreased to 50–75% in the test data. 
The models were specific but not very sensitive and precise, indicating good prediction of 
persistence but difficulty in predicting dropout. These accuracy levels aligned with pre
vious studies examining pre-enrolment data to predict dropout and success (Eegdeman 
et al. 2023; Schelfhout et al. 2022). Notably, Eegdeman et al. (2023) predicted first-year 
dropout in vocational education. The accuracy of their predictions improved greatly 
after adding first-period course results. However, this strategy is inappropriate for 
study orientation tools as first-period results are not available before enrolment. Schelfh
out et al. (2022) predicted programme-specific first-year success (i.e. passing all courses) 
in university with basic skills rather than PE fit. Their results also showed varying models 
across programmes with similar accuracy levels, however they did not explore the accu
racy of their models using new data. It is likely unrealistic to expect fully accurate 
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predictions of first-year persistence based solely on pre-enrolment data. The transition 
into and progression through higher education profoundly impact students’ experiences 
and outcomes (Coertjens et al. 2017). Transition-related factors, along with other post- 
commencement factors that are inherently unpredictable prior to enrolment, are likely to 
contribute to students’ dropout decisions.

Limitations and future research

This study employed a predictive approach to examine pre-enrolment factors influencing 
persistence and dropout. In this methodology, theoretical considerations are essential for 
selecting input variables, yet they play a lesser role than in explanatory research (Shmueli 
2010). This allows for the inclusion of many variables, which is advantageous but also 
challenging due to the difficulty in interpreting the models. Some variables or effects 
retained in the models did not align with theoretical expectations. Although most had 
very small effects, it remains unclear why certain factors, such as missing data on 
specific questionnaire scales, would predict persistence. This issue is inherent in predic
tive modelling. Future research should replicate these analyses with different populations 
and larger sample sizes to ascertain the true predictive value of these variables or whether 
they are sample-specific anomalies. Predictive research should complement, not replace, 
explanatory research; both are vital for understanding students’ academic success.

Additionally, future research should aim to enhance the predictive accuracy. The 
accuracy achieved in this and related studies (e.g. Eegdeman et al. 2023; Schelfhout 
et al. 2022) is insufficient for high-stakes applications, such as tools predicting dropout 
risk. Improving accuracy might involve using more detailed outcome measures. In this 
study, we used persistence and dropout, which are influenced by both pre-enrolment 
and post-commencement factors, such as academic and social integration (Tinto 
1975). Distinguishing between dropout due to a mismatch and other post-commence
ment factors could be beneficial.

Implications

This study makes two important contributions to the literature on PE fit and predicting 
first-year persistence and dropout. First, it provides unique insights into the role of 
various conceptualisations of fit in relation to other established pre-enrolment predictors 
of programme-specific persistence. This programme-specific focus enriches the under
standing of the PE fit-persistence relationship in the general student population (see 
also de Vries, Meeter, and Huizinga 2024). Second, by applying a predictive methodology 
with cross-validation and regularisation, we identified models capable of out-of-sample 
prediction (Yarkoni and Westfall 2017). This approach, in contrast with the typically 
explanatory research in this domain, ensures the models are not sample-specific.

This study has also implications for study orientation practices. The predictive meth
odology offers a foundational step towards tailored feedback in PE fit study orientation 
tools provided by higher education institutions. Institutions can use this methodology to 
develop predictive models for their programmes and offer personalised feedback to stu
dents. However, the optimal way to translate model results into feedback remains to be 
determined, especially since models are not fully accurate and must be considered 
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holistically as omitting variables may change the model’s accuracy (Yarkoni and Westfall 
2017), and not all included variables have theoretical justification. Additionally, insti
tutions must decide whether to include students’ background variables, which could 
enhance predictive models but might introduce bias or discrimination against certain 
groups (Coeckelbergh 2020).

Furthermore, this study has implications for career education by highlighting the 
importance of interest and skill fit for first-year persistence in higher education. High 
school career counsellors can support students by encouraging reflection on interests 
and skills, thereby helping them to make more informed decisions about their study pro
grammes. The findings also underscore the value of orientation activities before entering 
higher education. By actively promoting student engagement in these activities, career 
counsellors can facilitate a smoother transition and better alignment with chosen 
study programmes. Engaging in orientation activities can help students gain a clearer 
understanding of their fit within different programmes, ultimately aiding in their persist
ence and success (de Vries, Meeter, and Huizinga 2024).

Conclusion

Our findings revealed that programme-specific persistence could be predicted with 
moderate accuracy using pre-enrolment data, although the models were more adept 
at predicting persistence than dropout. The study also highlighted the variation in 
predictive models across different programmes, underscoring the necessity of pro
gramme-specific analyses. Among the predictors, interest and skill fit emerged as 
the most influential factors. Additionally, the study also demonstrated that traditional 
predictors of academic success, such as autonomous motivation and personality, had 
marginal effects in the context of programme-specific outcomes, when including 
interest and skill fit. This highlights the complexity of interrelationships in edu
cational settings and the importance of understanding research findings within 
their context.

Overall, this study enhances our understanding of the diverse sources of fit that 
influence persistence in higher education and provides a methodological framework 
for developing tailored predictive models. These insights are crucial for higher education 
institutions and career counsellors aiming to support students’ academic success and 
improve orientation practices.

Note

1. Data from the 2021 cohort has been analysed in a prior study (de Vries, Meeter, Jansen, et al. 
2024), wherein the complete cohort data was employed to investigate a mediated model of 
latent profiles concerning the study choice process and person-environment fit. In contrast, 
the present study exclusively used data from students enrolled in five specific programmes, 
conducting analyses at the programme level rather than the cohort level.
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