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Non-completion is an ongoing concern in higher education, and even more so in higher
online education. One way to address this problem is to take initiatives prior to student
enrollment, enabling informed decision making. In line with this, an institution for open
higher online education seeks to develop a (non-committal) online self-assessment for
prospective students. To identify variables (tests) to be included in this self-assessment,
the present study aims at validating variables–previously identified as “predictive of
completion in higher education and open to intervention before enrollment”—within the
current higher online education context. Results of correlational analyses indicate that the
following modifiable variables are relevant to include: hours planned to study, employment
hours, study intention, discipline, discipline confidence, basic mathematical skills, and
social support. Based on a sensitivity cut-off of 95% (to minimize false negatives) about
13% of the actual non-completers could be identified correctly. Implications for future
development of the self-assessment are discussed.
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INTRODUCTION

Higher online education is expanding (Seaman et al., 2018). But the openness and flexibility of such
online delivery, compared to traditional higher education (e.g., face-to-face education), comes at a
price. That is, the number of students not completing a course or program in higher online education
is impending, despite diverse initiatives taken by educational institutions (Rovai, 2003; Simpson,
2010, 2013; Vossensteyn et al., 2015). It is important for both the student and the educational
institution that non-completion is kept to a minimum. For the institution, non-completion amounts
to wasted effort (time andmoney invested), and possibly reputational damage, as completion is often
one of the performance criteria presented in catalogues for prospective students’ study decisions, and
in some countries funding for educational institutions depends on such outcomes as completion
rates (Vossensteyn et al., 2015). For the student, non-completion is also an issue in regard to the
invested time andmoney. In addition, (repeatedly) concluding that the chosen study path does not fit
one’s characteristics (e.g., knowledge, skills and goals) and/or situation (e.g., combining a study with
other responsibilities) might have a demotivating effect for future studies. One way to address this
problem is to take initiatives (interventions) prior to student enrollment, to help students choosing a
study program that optimally suits them, and to ensure that prospective students’ expectations with
regard to their courses or studies are realistic (Menon, 2004; Oppedisano, 2009; Vossensteyn et al.,
2015; Muljana and Luo, 2019). One course of action in the direction of such an improved orientation
prior to student enrollment is the development of (non-committal) self-assessments. It has been
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assumed that non-selective, but adequate and personalized
information will help prospective students to make an
informed study decision (McGrath et al., 2014). We define
these kinds of self-assessments as “the active participation of
students in making judgments about their own characteristics
(i.e., knowledge, skills, and expectations), in order to foster
reflection on the extent to which these characteristics fit with
studying in a specific context” (definition adapted from Dochy
et al., 1999, p. 334). However, interventions aimed at decreasing
non-completion implemented prior to student enrollment are not
yet strongly flanked by scientific research (Delnoij et al., 2020). To
the extent that interventions prior to student enrollment are
systematically researched, these studies largely took place in the
context of traditional higher education, typically characterized by
a target group of students enrolling right after obtaining their
high school degree (Fonteyne and Duyck, 2015).

We aim to design and develop a non-committal online self-
assessment (i.e., hereafter referred to as “the self-assessment” or
SA) to inform prospective students in open higher online
education about the match between their characteristics (e.g.,
knowledge, skills, and expectations), and what is conducive to
study in higher online education. This SA is aimed at identifying
prospective students with lower chances for completion and
provide feedback on how they can enhance their chances for
completion. It will be non-committal, as prospective students will
not be obliged to fulfill this assessment, and students will not be
selected based on their self-assessment results as the institute
operates according to an open access policy. To determine the
relevant variables to be included in such a self-assessment (i.e., to
ensure evidence-informed study decision making), we
investigated predictors of non-completion in higher education
through a review of reviews (Delnoij et al., 2020). As a second
step, it is important to verify predictors resulting from that study
in the current context for which the SA is being developed. The
aim of the present study, therefore, is to validate the use of
previously identified predictors for completion in the context of
higher online education and to examine which of these variables
need to be included in the SA as constituent components.
Theoretical considerations underpinning the validation process
are elaborated in Theoretical Framework. The (selection of)
possible predictors included in this validation study will be
discussed in sections 2.2 and 2.3. The results of this study will
be used to develop the SA.

Theoretical Framework
Validation as a Process
Validity can be defined as an “overall evaluative judgment of the
degree to which empirical evidence and theoretical rationales
support the adequacy and appropriateness of interpretations
and actions based on test scores or other modes of assessment”
(Messick, 1989, p.2). In line with this definition above, as well as
modern validity theories, we consider validity to refer to the
inferences (interpretations and actions based on assessment
scores) rather than the instrument itself, and validation as a
process requiring ongoing evaluation of evidence, rather than a
“once and for all” conclusion (Royal, 2017). In this respect, the
validation process described in this paper must be considered as

“first steps” of evidence collection concerning the validity of
inferences supported by the self-assessment. The Standards for
Educational and Psychological Testing developed by the
American Educational Research Association (AERA), the
American Psychological Association (APA), and the National
Council on Measurement in Education, mention five sources of
evidence (Cizek, Bowen, and Church, 2010; Creswell, 2014):
evidence based on the test content (e.g., expert opinions),
evidence based on response processes (e.g., interviews with
test-takers on their experiences with the test), evidence based
on the internal structure (e.g., dimensionality and internal
consistency), evidence based on relations to other variables
(e.g., the predictive value on an expected outcome), and
evidence based on the consequences of testing (either intended
or not, positive or negative, etc.). The latter type of evidence,
according to St-Onge et al. (2016) can be evaluated from both an
individual and a societal perspective. In the context of the current
self-assessment, the anticipated individual consequence involves
the decision to enroll (or not), based on the test scores and
feedback. At a societal level, the implicated consequence is a
positive impact of the self-assessment on completion rates.
Figure 1 illustrates the various evidence sources and their
relevance at various stages of the (design-based) development
of the current self-assessment. Currently, this process is still at the
stage of Analysis. Following a previous selection of evidence on
predictors ‘in general’ by means of a literature review, this study
investigates the relationship of these predictors with completion
in the current context. Once this relationship has been established
on the predictor level, it will be further investigated at the model
level (i.e., the prediction accuracy of the combined predictors).
Prior to investigating the predictive value of predictors measured
by means of (sub)scales, it is important to secure the internal
structure and consistency of these variables in the present context.

In the next stages of the development and validation process,
further evidence will be collected in regard to test content (e.g.,
user experiences) and response processes. Regarding the latter, a
general point of concern is that self-assessments, i.e., self-report
measures, may be subject to all kinds of measurement errors, due
to, for instance, inaccurate self-perceptions (Dunning et al., 2004)
or social desirable answering (Viswesvaran and Ones, 1999;
Niessen et al., 2017). Furthermore, as explained above,
evidence with respect to the consequences of testing from both
an individual (e.g., enrollment decision based on test scores and
feedback) as well as a societal perspective (e.g., impact on
completion rates) is required in the future stages of the
validation process.

Predictor Selection Criteria
Taking into account that predictors are to be selected as input for
a non-committal SA prior to student enrollment, several
requirements are formulated to select the possible predictors
from prior research. First, predictors need to be identified as
variables relevant prior to admission, as it would not make sense
to obtain information prior to student enrollment on variables
that, in nature, can only play a role after enrollment (e.g.,
academic adjustment). Prior-to-admission variables identified
by Rovai (2003) for instance comprise student characteristics
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(e.g., academic preparation) and student skills (e.g., time
management). Second, the modifiability of variables is a
requirement in the present study. That does not mean that
non-modifiable variables cannot explain non-completion, or
are irrelevant in this context. However, modifiability is
required, as the SA needs to give insight into where there is
room for improvement and how prospective students can raise
their chances for completion. According to our definition, a
variable is modifiable if the variable is changeable or can be
advised upon. For instance, self-regulation skills (e.g., learning
strategies) are trainable (Patterson et al., 2014), and the number of
hours a student plans to study can be advised upon (but not be
changed directly). Third, as there has been carried out a lot of
research on predictors of non-completion in higher education,
consistency of prior results is a requirement we take into account.
Previous research in this domain is on specific predictors or
carried out in specific study programs. Review studies are merely
carried out in the context of traditional higher education, and
effect sizes are often not reported. This means that conclusions on
the predictive value of variables in the context of higher online
education need to be drawn with caution. We aim to validate
predictors from prior research that preferably have been
demonstrated consistently (Delnoij et al., 2020). All in all, we
aim to include modifiable variables, relevant prior to student
enrollment, which review studies have consistently identified as
possible predictors of non-completion in higher (online)
education.

Selected Predictors
Our previous extensive literature review (Delnoij et al., 2020),
yielded potential predictors meeting the selection criteria:
academic self-efficacy, employment (hours), basic
mathematical skills, study intentions, goal orientation, learning
strategies, and social support. Therefore, these predictors are
included in the current study. In this previous literature

review, motivation, as a possible predictor, surprisingly did not
meet the consistency criterion. However, in the context of higher
online education, it has been argued that a related
concept–volition–might actually be more re levant than
motivation (Deimann and Bastiaens, 2010). Volition has been
defined as “the tendency to maintain focus and effort toward
goals despite potential distractions” (Corno, 1994, p. 229). In the
case of adults combining a study with a job and family or other
responsibilities, distractions or obstacles interfere with the study
process. According to Deimann and Bastiaens (2010), motivation
might not be enough to overcome these distractions or obstacles.
It has been argued that whereas motivation is relevant for
initiating activity, volition might be more relevant in
accomplishing that certain activity (Deimann and Bastiaens,
2010). It seems that volition possibly is a relevant variable in
relation to our outcome measure of interest. Therefore, we added
volition as a potential predictor to our list.

All in all, the current study focuses on the predictors as listed
and defined in Table 1. The operationalization and measurement
of these variables are further elaborated in the methodology
section.

Research Questions
The present study aims to gain insight into whether the predictors
selected from prior literature are relevant in explaining completion
in higher online education. Also, we aim to gain insight into the
extent to which actual completers and non-completers can be
classified correctly by the predictors of non-completion in the
context of the Open University of the Netherlands (OUNL), as we
want to minimize the risk of falsely discouraging prospective
students. Before we investigate the predictive value of the
selected variables and the accuracy of classifying non-
completers, it is important to secure the internal structure of
predictor operationalization in the current context. Hence, three
research questions are subsequently addressed in the current study.

FIGURE 1 | Online Self-Assessment Development and Validation Process.
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1. To what extent can the internal structure of the instruments
used to operationalize the selected predictors be validated in
higher online education?

2. To what extent is the (relative) predictive value of the selected
variables verified by data from a higher online educational
context?

3. To what extent can prospective students be accurately identified
as completers or non-completers by the validated
predictors?

MATERIALS AND METHODS

Context and Design
The present study is part of a design-based research process (Van
den Akker et al., 2013). As illustrated in Figure 1, the results of
the analysis phase give input for the design and development of
an intervention in a certain context. In the present research, the
intervention is the non-committal online SA in the context of the
OUNL (i.e., an institute for higher distance education). The
OUNL also has to contend with relatively high non-
completion rates. For example, approximately 40% of the
course participants enrolling in September 2018 did not obtain
any study credits within the valid registration period. Education
in the OUNL is provisioned mainly online, occasionally
combined with face-to-face meetings. Academic courses up to
full study programs are provided to obtain a bachelor’s or
master’s degree in the following study directions: law,
management sciences, informatics, environmental sciences,
cultural sciences, educational sciences, and psychology. The
OUNL operates according to an open access policy, which
means that for bachelor programs, no prior education is
required, and the only requirement is a minimum age of
18 years. Students can choose to study a single course or a
combination of courses, up to a full bachelor- or master’s
program. In general, students have three examination attempts

for each course within 14 months after enrollment, after which
registration for a course is no longer valid.

The present study can be characterized as a correlational
(prediction) design (Creswell, 2014), which means that no
conclusions on causality can be drawn from the results. The
data is based on two different student surveys, of which the first,
most elaborative survey was used to collect data between August
2012 and December 2014 (Neroni et al., 2015). Hereafter, this
part of the data is referred to as data collection or dataset 1. As
these data did not cover all selected variables, supplementary data
collection was executed between September 2017 and February
2019, hereafter referred to as data collection or dataset 2. Data
from both data collections were supplemented with data from the
student information system on the criterion measure: completion
within 14 months after enrollment.

Participants
All (approached) participants were first time enrolling students in
the OUNL, as a proxy for the eventual target group of the
intervention, prospective students of the OUNL. In Table 2 an
overview of the sample(s) is provided.

Procedure
The data collection procedure for the two data collections was
nearly the same. Newly enrolled students received an email
explaining the purpose of the study with an invitation to fill
out the online questionnaire. Informed consent was obtained
online, preceding the actual questionnaire. Full completion of the
questionnaire took approximately 45–60 min in data collection 1
and 30 min for the questionnaire used in data collection 2.
Respondents were able to pause and return to the
questionnaire if they wished so. Response-enhancing measures
included sending out email reminders (both data collections) and
follow up phone calls (data collection 1). Besides, in data
collection 2, the invitation email was signed by the rector of
the educational institution to enhance participation.

TABLE 1 | Definitions of Variables.

Variable Definition Adapted from

Completion The proportion of students enrolling and meeting the requirements for certification, within a specified
period of time.

—

(Outcome measure)
Academic self-efficacy The belief in the ability to succeed in an academic environment. Bandura (1997); Robbins et al. (2004)
Basic mathematical
skills

The ability to solve calculations and quantitative reasoning problems. Fonteyne et al. (2015)

Employment hours The amount of hours a prospective student spends on paid employment obligations. —

Goal orientation A reflection of the purpose of achievement behaviour in a particular setting (i.e., academic
environment), influencing the way a student approaches academic work.

Harackiewicz et al. (2008)

Hours planned to study The amount of hours a prospective student plans to spend on studying. —

Learning strategies Approaches for acquiring, organizing, or transforming information divided in cognitive, metacognitive,
and resource management strategies.

Alexander et al. (1998); McKeachie et al.
(1990)

Social support Students’ perception of whether social networks support them in their academic career financially,
emotionally, and practically.

Robbins et al. (2004)

Study intention The intention to fulfill an educational component (i.e., intention to obtain a master’s degree) or not
(i.e., orientation or no specific intention).

—

Volition The tendency to maintain focus and effort toward goals despite potential distractions. Corno (1994)
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Measures
Scale Measures
An overview of all independent measures’ factors, number of
items, and reliabilities (expressed in Cronbach’s alpha) based on
prior research are given in Table 3.

Academic self-efficacy was measured by the College
Academic Self-Efficacy Scale, adjusted by Fonteyne et al.
(2017), which we, in turn, adapted to better fit the context
of adult and online learning (i.e., we changed some terms and
added three items). The eventual questionnaire consists of 23
items. Respondents were instructed to rate all items on a scale of 1
(completely unable to) to 5 (completely able to). Fonteyne et al.
(2017), reported a 2-factor structure with factors identified as effort
(e.g., “Attending class regularly”), and comprehension (e.g.,
“Understanding most ideas you read in texts”).

Basic mathematical skills were measured by a set of 20 items
based on work by Fonteyne et al. (2015, 2017). The test consists of
open questions, yes/no questions, and multiple-choice questions.

One example item is “If x/y � 0.25, then y/x � ?”. There was no time
limit and respondents were not allowed to use calculators, although
we could not control for that as the test was fulfilled online.

Goal orientation was measured by the Achievement Goal
Questionnaire developed by Elliot and McGregor (2001),
supplemented by the Work Avoidance Scale (Harackiewicz
et al., 2008). In total 15 items, equally divided in five
categories are measured: mastery approach (e.g., “I want to
learn as much as possible from this class”), mastery avoidance
(e.g., “I am worried that I will not understand everything in this
class as thoroughly as I would want to”), performance-approach
(e.g., “It is important for me to do well compared to others in this
class”), performance-avoidance (e.g., “I just want to avoid doing
poorly in this class”), and work avoidance (e.g. “I want to do as
little work as possible in this class”). In the present study, to fit the
adult and online learning context, the word “class” was replaced
by “course”. All items are rated on a scale of 1 (totally disagree) to
7 (totally agree).

TABLE 2 | Sample Information.

I. Participants
approached

II. Respondentsa III. Full
participating respondentsb

Sex Mage (SD)

Based on III

Dataset 1 4,945 2,562 2043 61.7% Female 43.4 (11.2)
Dataset 2 2,996 613 455 52.5% Female 41.2 (11.4)

aRespondents are participants who at least filled in the informed consent and thus, started to fill out the questionnaire.
bFull participating respondents are respondents who filled out the whole questionnaire. For data collection 1 we made a subset of the original dataset including the variables of interest for
the present paper. Full participating respondents in data collection one are thus respondents who filled out all questions up and until the last question of variables of interest for the present
paper, extracted from the whole dataset.

TABLE 3 | Factor Structure per Variable and Reliability per Factor in Prior and Present Research.

Variable (dataset) Prior research Present research

Factor K Reliability
(Cronbach’s alpha)

Factor K Reliability
(McDonald’s omega)

Academic self-efficacy (d2) Effort 8 0.760 Confidence in basic study skills 6 0.649
Comprehension 14 0.790 Discipline confidence 2 0.830

Basic mathematical skills (d2) Basic mathematical skills 20 0.620 Basic mathematical skills 9 0.722
Goal orientation (d1) Performance approach 3 0.920–0.960 Performance approach 3 0.880

Performance avoidance 3 0.820 — — —

Mastery approach 3 0.880 — — —

Mastery avoidance 3 0.840–0.890 — — —

Work avoidance 3 0.900 Work avoidance 3 0.813
Learning strategies (d1) Rehearsal 4 0.690 Contact with other students 3 0.856

Elaboration 6 0.750 Discipline 3 0.704
Organization 4 0.640 Elaboration 3 0.664
Critical thinking 5 0.800 Organization 3 0.779
Metacognitive self-regulation 12 0.790 — — —

Time and study environment 8 0.760 — — —

Effort management 4 0.690 — — —

Peer learning 3 0.760 — — —

Help seeking 4 0.520 — — —

Volition (d2) Volitional self-efficacy 8 0.790 — — —

Consequence control 6 0.800 Consequence control 4 0.802
Metacognition 9 0.710 Metacognition 4 0.630
Emotion control 6 0.640 — — —

Note. K is the number of items.
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Learning strategies were measured by part B of the Motivated
Strategies for Learning Questionnaire (MSLQ) (Pintrich et al.,
1993), adapted to the adult and distance learning context (e.g.,
replacing “class” by “course”). The original questionnaire consists
of 50 items divided in nine factors: rehearsal (e.g., “When I study
for this course, I practice saying the material to myself over and
over”), elaboration (e.g., “When I study for this course, I pull
together information from different sources, such as lectures,
readings, and discussions”), organization (e.g., “When I study
the readings for this course, I outline the material to help me
organize my thoughts”), critical thinking (e.g., “I often find myself
questioning things I hear or read in this course to decide if I find
them convincing”), metacognitive self-regulation (e.g., “When
reading for this course, I make up questions to help focus my
reading”), time and study environment management (“I usually
study in a place where I can concentrate on my course work”),
effort regulation (e.g., “I work hard to do well in this course even if
I don’t like what we are doing”), peer learning (e.g., “When
studying for this course, I often set aside time to discuss course
material with a group of students from the course”), and help
seeking (e.g., “I ask the instructor to clarify concepts I don’t
understand well”). Respondents were instructed to consider
these items in relation to the way in which they intend to
study. All items are rated on a scale of 1 (totally disagree) to 7
(totally agree).

Volition was measured by an adapted version of the Academic
Volitional Strategy Inventory (McCann and Turner, 2004;
Deimann and Bastiaens, 2010). All items were introduced as
follows: “If at any point I notice that I’m not working in a targeted
manner and with little concentration, then...”. This questionnaire
consists of 32 items, divided in four factors: volitional self-efficacy
(e.g., “I think about my strengths in order not to get blocked by my
weaknesses”), consequence control (e.g., “I think about the
negative effects of not finishing my tasks or projects”), emotion
control (e.g., “I try to think about joyful things”), and
metacognition (e.g., “I reflect on my planning and adjust the
associated goals if necessary”). All items are rated on a scale of 1
(completely not applicable to me) to 5 (completely applicable
to me).

Single Indicator Measures
As single indicator measures do not comprise a full questionnaire,
they are taken into account only in relation to research questions
two and 3. An overview of “single indicators” (except covariates)
is provided in Supplementary Material S1.

Employment hours was measured as the number of hours in a
paid employment contract. Respondents indicating they were not
employed, were given value 0.

Hours planned to study was measured by one open-ended
question: “How many hours do you expect to study on average per
week?”.

Social support is divided into financial, emotional, and
practical support and measured by newly developed questions,
resulting in three dichotomous variables indicating whether
respondents receive support (1) or not (0).

Study intentionwasmeasured by onemultiple-choice question
in which respondents were asked to indicate their achievement

intentions. Their answers were coded 0 if they indicated no
specific study intention (i.e., no explicit intention to obtain
study credits) and one if they indicated the intention to fulfill
a course or program (i.e., in other words, to obtain study credits).
Details about these questions and answer options can be found in
Supplementary Material S1.

Covariates taken into account are prior level of education,
gender, age, and faculty. These variables were obtained by the
student administration office of the educational institution, or
inquired by a multiple-choice (e.g., age) or open ended (age)
question.

Criterion Measure
Completion data was distracted from the student information
system, with a score of one being assigned to those students
completing at least one course within 14 months (after which
registration is no longer valid), else a score of 0.

Statistical Analyses
Research question 1: To what extent can the internal structure of
the instruments used to operationalize the selected predictors be
validated in higher online education? To answer the first research
question, analyses of descriptives (SPSS Version 24.0), factor
analyses, and reliability analyses (Jamovi version 0.9.5.12) were
conducted. Prior to factor analyses, items were checked and
removed if skewness and kurtosis indicated significant non-
normality (Field, 2009; Mayers, 2013; Trochim and Donnelly,
2006). In case no substantial alterations were made to the scale,
and sufficiently detailed information was available from prior
research, a confirmatory factor analysis (CFA) was carried out. If
CFA could not be performed, factor analyses involved several
steps. First, the data was randomly split in half, on which
exploratory factor analysis (EFA), followed by an EFA in the
CFA framework (E-CFA) (Brown, 2015) on one random half of
the dataset. Subsequently, the model resulting from the
exploratory analyses was cross-validated by means of CFA
using the second half of the data. After that, a CFA on the
final model was performed in the whole dataset, of which the
results are presented in this paper. We applied relatively strict
criteria with the aim to reach an optimal (i.e., most parsimonious)
solution, as in the eventual self-assessment, we do not want to
burden the respondents unnecessarily. The exact process of and
cut-off values applied in factor analyses can be found in
Supplementary Material S2. For reliability, McDonald’s
omega was chosen over Cronbach’s alpha, as Cronbach’s alpha
depends on the assumption that each item contributes equally to
the factor. McDonald’s omega allows items to vary in factor
loadings and thereby, fits better to our data. In addition, in using
omega there is less risk of overestimation or underestimation of
reliability as compared to alpha (Zinbarg et al., 2005; Graham,
2006; Revelle and Zinbarg, 2009).

Research question 2: To what extent is the (relative) predictive
value of the selected variables verified by data from a higher online
educational context? Analyses regarding this research question
started with a check for normality and outliers through
descriptive statistics (Trochim and Donnelly, 2006; Field, 2009;
Mayers, 2013). Next, various analyses were conducted to gain
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insight into the relationship between the variables. Pearson
correlation coefficients are reported for the relationship
between continuous variables. Omega-squared (ω2) was chosen
as the reported effect size for associations between categorical and
continuous variables (Analysis of Variance (ANOVA)) because it
gives the least biased view on the effect size in analyses in which
the assumption(s) of homogeneity of variances and/or normality
are not met, which was incidentally the case (Yigit and Mendes,
2018). To decide which categorical variables should be included
in the self-assessment, associations between categorical variables
(including the outcome measure) are examined using Cramer’s V
(Cohen, 1988). To decide which continuous variables should be
included in the self-assessment, Confidence Interval-Based
Estimation of Relevance (CIBER) analyses were conducted in
R (Version 3.6.1), based on work by Crutzen and Peters (2019).
The CIBER analysis was chosen for several reasons. First, it is
recommended to base decisions for selecting predictors on
confidence intervals for bivariate associations, combined with
the variables’ distributions and means. Confidence intervals
should be used instead of point estimates (e.g., regression
coefficients), as confidence intervals give insight in estimation
accuracy as well. For instance, a broad confidence interval means
that the point estimate is unreliable and can have a substantially
different value in a new sample. In the context of selecting
variables for the self-assessment, regression coefficients would
provide little information on the relevance of specific predictors,
because they are conditional upon the other predictors in the
model. In regression analyses, it would be hard to distinguish
between the contribution of associated predictors in predicting
the outcome measure. Second, CIBER data visualization has two
advantages for the selection of predictors in the context of our
research:

• It facilitates the comparison of the effects of different
variables.

• The relative width of the distribution and variation in
estimates is presented, which facilitates a cautious and
well-considered decision for variable selection.

Research question 3: To what extent can prospective students be
accurately identified as completers or non-completers by the
validated predictors? To gain insight into the proportion of
explained variance in the outcome measure, the selected
variables were included in a multivariate logistic regression
together with background variables (i.e., age, sex, faculty, and
prior level of education). Given that the SA is constructed to
identify those prospective students who have a lower probability
for completion, classification accuracy was evaluated in Jamovi
(Version 0.9.5.12).

RESULTS

Internal Structure and Reliability of Scale
Variables
In Table 3, an overview is presented of the results discussed in
this section. In Table 4, the factor score means, standard

deviations, and the minimum and maximum factor scores are
presented. For all measurements, the eventual set of items can be
found in Supplementary Material S1.

Academic self-efficacy. The EFA, E-CFA and CFA procedure
resulted in two factors, labeled as confidence in basic study skills (6
items, McDonald’s omega � 0.649) and discipline confidence (2
items, McDonald’s omega � 0.830). The correlation between
these two factors is 0.178 and significant at the 1% level. This
CFA revealed a good fit with SRMR of 0.035, RMSEA of 0.053,
TLI of 0.954 and CFI of 0.969 (χ2(19) � 49.2, p < 0.001).

Basic mathematical skills. Based on prior research (Fonteyne
et al., 2015) a CFA was performed in which we examined the fit of
a model with one factor including all items. Though the fit of this
model was reasonably good (i.e., four out of five fit indices were
within cut-off values), there were indications for modifications,
and as we aimed for the most parsimonious test, we decided to
perform the EFA, E-CFA and CFA procedure. One factor was
found, consisting of nine items (McDonald’s omega � 0.772). The
CFA on the complete data set revealed a good fit with SRMR of
0.026, RMSEA of 0.008, TLI of 0.998, and CFI of 0.998 (χ2(27) �
27.9, p � 0.419).

Goal orientation. Based on prior research, a CFA was
performed (Harackiewicz et al., 2008). Here too, we found
indications for modifications, despite a reasonably good fit of
the model, so we performed the EFA, E-CFA and CFA procedure.
Two factors were found, labeled as work avoidance goals (3 items,
McDonald’s omega � 0.813) and performance-approach goals (3
items, McDonald’s omega � 0.880). The correlation between
these two factors was not statistically significant. The CFA on
the complete data set revealed a good fit with SRMR of 0.010,
RMSEA of 0.019, TLI of 0.998, and CFI of 0.999 (χ2(8) � 13.8, p �
0.088).

Learning strategies. CFA based on prior research showed that
the original structure did not fit our sample (i.e., two out of five fit
indices within cut-off values). The EFA, E-CFA and CFA
procedure resulted in four factors, labeled as contact with
other students (3 items, McDonald’s omega � 0.856), discipline
(3 items, McDonald’s omega � 0.704), elaboration (3 items,
McDonald’s omega � 0.664), and organization (3 items,
McDonald’s omega � 0.779). The model fit of the CFA on the
complete data set was good with SRMR of 0.031, RMSEA of 0.041,
TLI of 0.965, and CFI of 0.975 (χ2(48) � 216, p < 0.001). All
correlations between these factors were significant at the 1% level.

Volition. CFA could not be performed, as the required
information was not available. EFA, E-CFA, and CFA resulted
in two factors, labeled as consequence control (4 items,
McDonald’s omega � 0.802) and metacognition (4 items,
McDonald’s omega � 0.630). The correlation between these
two factors was not statistically significant. The model fit of
the CFA on the complete dataset was good with SRMR of
0.039, RMSEA of 0.051, TLI of 0.956, and CFI of 0.970
(χ2(19) � 44.2, p < 0.001).

Predictive Analyses
Explorative Analysis
Variable means, standard deviations, minimum and maximum
scores are presented in Table 4, for the two data collections
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TABLE 4 | Descriptive Statistics per Variable, per Dataset.

Variable Dataset 1

M (SD) Min and max M in % of max

Performance approach goals 7.22 (3.73) 2.53–17.70 40.79
Work avoidance goals 6.23 (2.68) 2.31–16.15 38.58
Contact with other students 6.85 (3.23) 2.45–17.12 40.01
Discipline 8.19 (2.51) 1.76–13.90 58.92
Elaboration 9.62 (1.84) 1.88–13.19 72.93
Organization 11.09 (2.37) 2.09–14.63 75.80
Paid working hours 27.84 (15.08) 0.00–68.00 40.99
Hours planned to study 12.20 (7.08) 1.00–40.00 30.50

Variable Count (of respondents) % Of total (respondents)

Study intention
a) Specific intention to fulfill an educational component 2,269 88.60
b) No specific intention to fulfill an educational component 201 7.80
Missing 92 3.60
Social support: Financial
a) 0 (� no) 1,016 35.75
b) 1 (� yes) 1,343 47.25
Missing 483 17.00
Social support: Emotional
a) 0 (� no) 71 2.50
b) 1 (� yes) 2,288 80.50
Missing 483 17.00
Social support: Practical
a) 0 (� no) 730 25.69
b) 1 (� yes) 1,629 57.31
Missing 483 17.00
Faculty/educational program
(1) Law 569 22.20
(2) Cultural sciences 261 10.20
(3) Psychology 903 35.20
(4) Management sciences 327 12.80
(5) Informatics 226 8.80
(6) Educational sciences 113 4.40
(7) Environmental sciences 102 4.00
Missing 61 2.40
Prior level of education
(1) Elementary school 22 0.90
(2) Pre vocational education 174 6.80
(3) Pre higher education 300 11.70
(4) Vocational education 253 9.90
(5) Higher education 893 34.90
University of applied sciences degree
(6) Higher education 867 33.80
Scientific university degree
Missing 53 2.10
Outcome measure
(a) Completion 1,037 40.50
(b) Non-completion 1,525 59.50

Variable Dataset 2

M (SD) Min and max M in % of max

Confidence in basic study skills 13.50 (1.27) 8.42–16.10 83.85
Confidence for discipline 6.63 (1.13) 3.36–8.40 78.92
Basic mathematical skills 2.86 (1.09) 0.00–4.24 67.45
Consequence control 9.72 (2.18) 2.84–14.18 68.55
Metacognition 7.59 (1.36) 3.51–10.89 69.70

Variable Count (of respondents) % of total (respondents)

Faculty/educational program
(1) Law 101 16.50

(Continued on following page)
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separately. For categorical variables (including the outcome
measure), also frequencies are reported.

Tables 5, Tables 6 provide an overview of relationships
between variables, for both data collections separately. Pearson
correlations were calculated for relations between continuous
variables. None of the correlations (in both datasets) exceeds 0.6,
and therefore none of the associations is interpreted as high
(Evans, 1996). Associations between categorical and continuous
variables were examined via Analyses of Variance, of which the
effect sizes in ω2 are reported. Values over 0.14 are considered
high (Field, 2009). Table 5 indicates several medium-size effects
(a ω2 between 0.06 and 0.14, see Field, 2009). In dataset one this is
the case for the associations between faculty and age (ω2 � 0.064),
and between sex and organization (ω2 � 0.0.67). In dataset two
the effect sizes on the association between faculty and age, prior
level of education and age, prior level of education and basic
mathematical skills, and sex and basic mathematical skills are
medium-size (ω2 � 0.070, 0.062, 0.074, and 0.060, respectively).
Associations between categorical variables (Cramer’s V) are
presented in Table 6. The interpretation of this effect size,
ranging from 0 (no association) to 1 (perfect association), is
dependent on the degrees of freedom (Cohen, 1988), i.e., the
number of possible values of the variable with the least categories.
In the present study, no strong associations between categorical
variables were found. Medium associations were found between
faculty and sex in both datasets (Cramer’s V(1) � 0.378 and 0.376
for dataset one and two, respectively). In dataset 1 a medium
association was found between faculty and prior level of
education (Cramer’s V(5) � 0.179).

Selecting Determinants of Completion
Dataset 1. The relationship between categorical variables and the
outcome measure was examined by means of Chi-square

analyses, of which the effect sizes (Cramer’s V) are presented
in Table 6. Study intention, financial support, emotional support,
practical support, faculty, and prior level of education show to be
significantly associated with completion. However, the effect size
of the association between study intention and completion is less
than small (i.e., Cramer’s V(1) < 0.10). Also, the association of
financial, emotional, and practical support with completion is
very small (i.e., all Cramer’sV(1) < 0.10). The associations of both
faculty and prior level of education with completion, are slightly
stronger, but still small (i.e., Cramer’sV(1) � 0.133 for faculty and
0.122 for prior level of education). CIBER analyses results
indicating the association strengths between continuous
variables and the outcome measure are presented in a
diamond plot (Figures 2, 3). The left-hand panel shows the
item scores of all participants: in green for completers, and in
purple for non-completers. The diamonds in the right-hand
panel indicate the association strengths (i.e., with 95%
confidence intervals). The color of the diamonds indicates the
association direction (i.e., red indicates a negative association,
green indicates a positive association, and gray indicates weak
associations). The wider the diamond, the wider the confidence
interval of the association between a certain variable and
completion, meaning that in another sample, a different
association between predictor and outcome could be found.
Furthermore, some confidence intervals (diamonds) overlap
the zero-line (e.g., performance-approach goals and
completion), which means that an association of 0 could be a
possible outcome as well, in a 95% confidence interval. For dataset
1, the diamond plot (Figure 2) shows that performance-approach
goals, work avoidance goals, contact with other students,
elaboration, and organization are not strongly associated with
completion (i.e., indicated by the gray diamonds, overlapping the
zero-line). Hours planned to study and discipline positively

TABLE 4 | (Continued) Descriptive Statistics per Variable, per Dataset.

Variable Count (of respondents) % of total (respondents)

(2) Cultural sciences 89 14.50
(3) Psychology 143 23.30
(4) Management sciences 153 25.00
(5) Informatics 62 10.10
(6) Educational sciences 27 4.40
(7) Environmental sciences 28 4.60
Missing 10 1.60
Prior level of education
(1) Elementary school 9 1.50
(2) Pre vocational education 17 2.80
(3) Pre higher education 108 17.60
(4) Vocational education 60 9.80
(5) Higher education 307 50.10
University of applied sciences degree

(6) Higher education 92 15.00
Scientific university degree
Missing 20 3.30
Outcome measure
(a) Completion 414 67.50
(b) Non-completion 199 32.50

Note. Descriptives on age and sex can be found in Table 1, and are based on full participating respondents.
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associatedwith completion.Age and employment hours are negatively
associated with completion. Of these associations, the association
between discipline and completion differs the most from 0.

Based on the Chi-square and CIBER analyses the following
modifiable variables are selected for the proposed self-assessment:
study intention, hours planned to study, employment hours,
discipline, financial support, emotional support, and practical support.

To gain insight into the proportion of explained variance,
these variables were combined with all background variables
(i.e., age, sex, faculty, and prior level of education), in a
logistic regression model. Together, they explain 16.3% of the
variance (Nagelkerke R2) in the completion outcome in dataset 1.
Excluding the background variables, 8.92% of the variance in
completion can be explained by the selected modifiable predictors
of completion.

Dataset 2. Faculty and prior level of education show to be
significantly associated with completion indicating small to
medium effect sizes (Cramer’s V(1) � 0.231 for faculty and
0.248 for prior level of education). The diamond plot in Figure 3
shows that confidence in basic study skills, consequence control,
and metacognition are not strongly associated with completion,
indicated by the gray diamonds, overlapping with the zero-line
in the right-hand panel. Discipline confidence and basic
mathematical skills are positively associated with completion, in
which the association between basic mathematical skills and

completion differs the most from 0. Age is negatively associated
with completion, as was the case in dataset 1. Note though, that the
confidence interval is not far from including 0.

Based on Chi-square and CIBER analyses discipline
confidence and basic mathematical skills have been selected as
(modifiable) predictors. These variables were added, together
with all background variables, in a logistic regression model.
Together, they explain 21.7% of the variance in the completion
outcome in dataset 2. Excluding the background variables, 7.62%
of the variance in completion can be explained by the selected
modifiable predictors of completion.

Resulting Local Model of Predictors of Completion
Figure 1 (Theoretical Framework) described the development
and validation process of the current self-assessment. As
explained, this study focused on collecting validity evidence
regarding the internal structure of the selected variables in the
current context (research question 1), as well as their relations to
completion (research question 2), to establish a local model of
predictors. Figure 4 zooms in on the analysis stage of Figure 1 to
clarify the ‘filled out’ local model of predictors, resulting from the
analyses described so far.

Predictors requiring an investigation of internal structure evidence
are indicated with a double contour in the general model in Figure 4.
As it happens, the internal structure of all these predictors appeared to

TABLE 5 | Pearson Correlation Coefficients of Associations between Continuous Variables and ω2 of Associations between Categorical and Continuous Variables, per
Dataset.

1 2 3 4 5 6 7 8 9

Dataset 1

1 Age −0.148** 0.038 −0.237** −0.183** 0.097** 0.157** 0.113** 0.109**
2 Hours planned to study −0.322** 0.111** −0.081** 0.022 0.107** 0.005 0.016
3 Paid working hours −0.070** 0.045* −0.019 −0.027 0.071** −0.018
4 Performance approach goals 0.135** 0.123** −0.127** 0.026 −0.007
5 Work avoidance goals −0.064** −0.370** −0.139** −0.257**
6 Contact with others 0.100** 0.165** 0.173**
7 Discipline 0.069** 0.205**
8 Elaboration 0.225**
9 Organization
A Study intention 0.012** 0.010** 0.001 0.000 0.000 0.000 0.003** 0.000 0.000
B Financial support 0.028** 0.002* 0.019** 0.002* 0.000 0.000 0.000 0.002* 0.000
C Emotional support 0.000 0.000 0.000 0.001 0.005* 0.000 0.001 0.000 0.002*
D Practical support 0.007** 0.001 0.000 0.001 0.000 0.011** 0.000 0.000 0.003**
E Faculty 0.064** 0.012** 0.024** 0.006** 0.025** 0.017** 0.009** 0.026** 0.056**
F Prior level of education 0.028** 0.040** 0.020** 0.000 0.001 0.008** 0.003* 0.023** 0.010**
G Sex 0.003* 0.010** 0.022** 0.000 0.007* 0.004** 0.001 0.004** 0.067**

Dataset 2

1 Age 0.052 −0.095* −0.002 −0.182** −0.032
2 Basic mathematical skills 0.295** −0.028 −0.133** −0.027
3 Confidence in basic study skills 0.139** −0.032 0.114*
4 Confidence for discipline 0.056 0.165**
5 Consequence control 0.090*
6 Metacognition
E Faculty 0.070** 0.058** 0.027** 0.008 0.006 −0.001
F Prior level of education 0.062** 0.074** 0.014* −0.001 0.013* −0.007
G Sex 0.000 0.060** 0.032** 0.004 0.003 0.008*

Note. *p < 0.05, **p < 0.01; Pearson correlations between continuous variables are considered higher from 0.600 or higher (Evans, 1996). The effect size of the associations between
categorical and continuous variables, ω2, is considered low if lower than 0.06, medium between 0.06 and 0.140 and high if higher than 0.140 (Field, 2009). Results from the post-hoc
analyses on the associations between categorical and continuous variables are available on request.
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differ in the present study, as with an accentmark for these predictors
in the local model of predictors. Of the nine variables, originally
identified as predictors in the general model (Delnoij et al., 2020),

seven are verified (at least partly) as predictors in the current context,
and hence, included in the local model of predictors: academic self-
efficacy, basic mathematical skills, employment hours, hours planned

TABLE 6 | Associations between categorical variables (including the outcome measure) in Cramer’s V.

A B C D E F G H

Dataset 1

A Study intention 0.089b 0.045a 0.075b 0.140b 0.074a 0.001 0.066b

B Financial support 0.122b 0.244b 0.089b 0.081b 0.083b 0.085b

C Emotional support 0.215b 0.041 0.069a 0.077b 0.057b

D Practical support 0.074a 0.072a 0.072b 0.062b

E Faculty 0.088a 0.378b 0.133b

F Prior level of education 0.101b 0.122b

G Sex 0.003
H Completion

Dataset 2

E Faculty 0.179b 0.376b 0.231b

F Prior level of education 0.094 0.248b

G Sex 0.021
H Completion

Note.
ap < 0.05.
bp < 0.01; The effect size of associations between categorical variables, expressed in Cramer’s V. The interpretation of this effect size, ranging from 0 (no association) to 1 (perfect
association), is dependent on the degrees of freedom (Cohen, 1988), i.e., the number of possible values of the variable with the least categories. Results from the post-hoc analyses are
available on request.

FIGURE 2 | Diamond Plot of the Associations between Continuous Variables and Completion in Dataset 1.
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to study, learning strategies, social support, and study intention. Two
variables, goal orientation and volition, are not verified as predictors
of completion in the local context (indicated by the dotted arrows
toward and the dotted contour of these predictors in the local model).

Identification and Classification
The self-assessment aims at identifying prospective students with
lower chances for completion to provide them feedback on where
there is room for improvement and how their chances for
completion can be enhanced. In light of the open access policy
in the current context, it is paramount that the risk discouraging
prospective students who, in fact, would have been successful
should be kept at a minimum. In other words, we strive to reduce
the likelihood of false-negative predictions, at the expense of an
increased likelihood of false-positive predictions. For this reason,
high sensitivity cut-offs were required. We explored results for
two different sensitivity cut-offs: 95 and 99%, which corresponds
to a maximum of respectively, 5 and 1% of the prospective
students possibly unjustly classified as non-completers. For the
sake of comparability with previous studies, background variables
were excluded in these analyses. Using the 95% sensitivity cut-off,
13.78 and 12.87% of the actual non-completers were correctly
identified as such in dataset one and dataset two respectively.
Using 99% sensitivity, 3.82 and 2.27% of the actual non-
completers were correctly identified in dataset one and dataset
two, respectively.

DISCUSSION

The main objective of this study was to select variables to be
included in the self-assessment, as a means to enhance informed
decision making prior to enrollment. All in all, this study has led
to the inclusion of the following modifiable variables in the self-
assessment: hours planned to study, employment hours, study
intention, discipline, discipline confidence, basic mathematical
skills, financial support, emotional support, and practical support.
In line with findings of the literature (Muljana and Luo, 2019;
Delnoij et al., 2020) these variables cover characteristics of both
the student him/herself (e.g., discipline), and the students’
environment (e.g., social support). The present study’s findings
on employment are in line with previous studies of dropout in
online courses (Lee and Choi, 2011) and higher education in
general (Riggert et al., 2006). Additionally, discipline seems to be
an important topic in the predictors of completion in higher
online education. In the present study, discipline appeared a
predictor of completion. This association in the context of higher
online education has previously been stressed in survey research
(Waschull, 2005) as well as qualitative research (Gaytan, 2013).
The present study’s results for academic self-efficacy were (partly)
in line with findings of review studies in the context of higher
(online) education (Lee and Choi, 2011; Bowles and Brindle,
2017). However, it is not clear how academic self-efficacy was
operationalized in these review studies. Our results showed that,

FIGURE 3 | Diamond Plot of the Associations between Continuous Variables and Completion in Dataset 2.
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as a factor of self-efficacy, discipline confidence is associated with
completion. Furthermore, the association between mathematical
skills and completion is in line with findings using the same
measurement (albeit in face-to-face education; cf. Fonteyne et al.,
2017), as well as studies in the context of online education, using
standardized tests (Morris et al., 2005). Finally, our findings on
social support are in line with findings in comparable contexts
(Asbee and Simpson, 1998; Park and Choi, 2009; Lee and Choi,
2011). However, some results are not in line with previous
research or theories on predictors of completion. For instance,
goal orientation (i.e., performance-approach and work avoidance
goals) did not appear to be related to completion in the present
study. A possible explanation lies in the context of the present
study, which is characterized by a merely adult student
population, combining a study with a job and/or family
responsibilities. In this context, specific intentions, rather than
the orientation of one’s goals (e.g., oriented to outperform
others), might be more important for completion. Though the
effect was small, this was also suggested by our results, as we did
find an association between study intentions and completion. In
that regard, research carried out in the context of MOOCs
(i.e., another example of open higher online education),
demonstrated that intention is an important requisite for
completion (Henderikx et al., 2017). Besides that, although
performance approach goals (i.e., whether or not students’ are
oriented at outperforming others) might not relate to completion,
they appear predictive for other correlates of students’ success,
such as grade point average (Neroni et al., 2018). Furthermore, in
the present study, no association was found between volition
(i.e., consequence control and metacognition) and completion.
Theories in the field of distance education suggested that volition
might be an important predictor of performance and
achievement in this context (Corno and Kanfer, 1993;

Keller, 2008). However, to our knowledge, there is no
empirical evidence for the relationship between volition and
completion, although some evidence exists for a relation
between volition and academic procrastination in this context
(Ucar and Bozkurt, 2019). Overall, we must note that rather strict
cut-off values were applied in factor analysis, as we aimed for the
most parsimonious tests, which was explained in the method
section. This explains differences in the dimensionality of the
measures used in the present study and, in turn, might explain
differences in our results, compared to previous research.

The variables selected for the self-assessment, together with
background variables explain 16.3% (dataset 1) and 21.7%
(dataset 2) of the variance in completion. Whether or not these
proportions of explained variance are meaningful, is open to
debate. According to Allen et al. (2009), this depends on the
practical utility of the test scores. In that sense, we consider
these proportions of explained variance meaningful, taking
into account the results on prediction accuracy of actual non-
completers by selected modifiable predictors of the self-
assessment irrespective of background variables: 13.78 and
12.87% (dataset 1 and 2, respectively) with a sensitivity of 95%.
These are promising results, especially in comparison with
similar research in traditional higher education, in which 3.7%
of the failing students were identified correctly (Fonteyne et al.,
2017). Note that in both cases the results have been achieved in
a total sample prediction. Fonteyne et al. (2017) also
investigated the classification results in program-specific
contexts. Interestingly, 13.4% of the actual failing students
were identified correctly using a program-specific prediction.
In relation to the open access policy in the current context, in
which we want to avoid unduly discouraging prospective
students, we might consider being even stricter in setting a
sensitivity cut-off. Therefore, we examined the prediction

FIGURE 4 | Local Model of Predictors of Completion.
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accuracy of actual non-completers also at a sensitivity of 99%,
resulting in 3.82 and 2.27% of non-completers that were
classified as such in dataset 1 and 2, respectively. These
results illustrate a trade-off in which a higher sensitivity
results in less false negatives (i.e., maximally 5% at a
sensitivity of 95 vs. 1% at a sensitivity of 99%) but at the
expense of correct classification of actual non-completers.
Note though that the percentage of actual non-completers -
that can be classified correctly with a stricter sensitivity (99%)
in the present study-is in line with the results obtained at a
more liberal sensitivity of 95% in the context of traditional
higher education (Fonteyne et al., 2017). In addition, in
evaluating the effectiveness of interventions in education, it
is not only important to take into account practical utility, but
also factors like, for instance, cost-effectiveness and scalability
(Kraft, 2020). Considering the latter, the self-assessment seems
a promising intervention.

Limitations and Directions for Future
Research
Several limitations are noteworthy in regard to the present
study, as they point out directions for future research in this
field of study. In regard to the practical application of newly
constructed scales, the step from “predictor” to “test”
(Figure 1) requires an extra step in terms of collecting
evidence on (single) test content.

In light of the selected variables for the self-assessment,
elaboration of interaction effects was not the focus of the
present study. As these relationships might have implications
for practice (e.g., gender differences in the relevance of certain
variables for completion), a recommendation for future
research is to examine these possible interactions, including
specific study programs. As shown by Fonteyne et al. (2017),
insight in program-specific relationships between factors and
completion might result in better prediction accuracy and
might have practical implications for feedback to be
provided. Furthermore, a considerable part of the variance
in completion remains unexplained. In that respect, there
might be other modifiable factors associated with
completion, which can possibly be included in the SA to
establish a better prediction of completion, and thereby
enhance the validity of the SA. For instance, in a review
study by Muljana and Luo (2019), it has been shown that
technological skills might be a relevant factor, especially in
higher online education. Finally, in the next steps of the
(design-based) development process of the SA, it is
recommendable to include additional measures of actual
behavior (e.g., sample tests) next to self-reported behavior,
to enhance the predictive validity and fairness of the self-
assessment (Kuncel et al., 2001; Niessen et al., 2016, 2018;
Sackett et al., 2016). Actual (study) behavior in these sample
tests is mimicked by a simulation of representative parts of
academic programs in a certain context (Niessen et al., 2016).
For instance, such a sample might involve studying literature
and/or watching video-lectures, followed by a short exam.

Implications for Practice and Research
Currently, there is a high need and demand for online
education, because of the covid-19 pandemic. Accessibility
to educational programs will widen further when universities
decide to continue offering (partly) online education after the
pandemic (Gomez Recio and Colella, 2020). In that regard,
(prospective) students need support in making a well-
informed study or program choice. To that end, self-
assessments prior to student enrollment seem a promising
approach (Kubinger et al., 2012; Lee et al., 2013; Fonteyne and
Duyck, 2015; Muljana and Luo, 2019; Nolden et al., 2019).
Such approaches aim at achieving optimal alignment of
students’ skills, motivation and cognitive beliefs on the one
hand and required skills and attitudes of a particular
educational program on the other hand by raising
awareness and providing early remediation (Menon, 2004;
Hachey et al., 2013; Fonteyne and Duyck, 2015; Nolden
et al., 2019). The present study revealed seven predictors of
completion in the context of higher online education that are
to be included as subtests in such a self-assessment. By these
predictors, about 13% of actual non-completers could be
correctly identified (with a sensitivity of 95%). It goes
without saying that access to higher education constitutes a
sensitive ethical issue, especially in the context of (open) online
education. Therefore, development and implementation of
self-assessments in this context requires thorough and
careful validation, not only of the assessment as an
instrument but also of the way it is used and whether it
affects the decision-making process as intended (Niessen
and Meijer, 2017). In the present study, the content,
internal structure and predictive aspects of validity were
investigated. Though validation is not a “once and for all”
call and these aspects remain under evaluation (i.e., as the
population and educational practice change over time), next
steps should focus on the other aspects of validity as well.
Prospective students’ response processes need to be examined
to determine whether the self-assessment is used as intended
(Beckman et al., 2005; Downing and Haladyna, 2004).
Furthermore, to determine the self-assessment’s impact, the
consequential aspect of validity needs to be evaluated
(Beckman et al., 2005; Cook et al., 2014). This involves
investigation of, for instance, the impact on prospective
students’ study choice certainty, enrollment behavior and
study progress after enrollment.
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