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The Study Demands and Resources Scale (SDRS) has shown promise as a valid
and reliable measure for measuring students’ specific study demands and
-resources. However, there is no evidence as to its psychometric properties
outside of the original context in which it was developed. This study aimed to
assess the psychometric properties of the SDRS in a cross-national student
population through examining its longitudinal factorial validity, internal
consistency, and temporal invariance as well as criterion validity through its
association with study engagement and task performance over time. Results
showed that a Bifactor Exploratory Structural Equation Model (ESEM) with one
general factor (overall study characteristics) and five specific factors (workload,
growth opportunities, lecturer support, peer support, information availability)
fitted the data, showed strong measurement invariance over time, and was
reliable at different time points. The study further established criterion validity
for the overall study characteristics factor through its concurrent and predictive
associations with study engagementand task performance. However, the specific
factors’ concurrent and predictive capacity could only partially be established
when controlling for the general study characteristics factor. These findings
suggest that study characteristics should be measured as a dynamic interaction
between study demands and resources, rather than a hierarchical model.
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Introduction

University students are considered an extremely vulnerable
group that experiences higher levels of psychological distress and
mental health problems than non-student age-matched groups
(Stallman and Kavanagh, 2020). These high rates of psychological
disorders stem from numerous stressors students face, such as
demanding coursework, time pressure, and poor interpersonal
relationships with peers and/or lecturers (Basson and Rothmann,
2019), which has negative consequences for both the student (e.g.,
poor academic performance) and the academic institution (e.g.,
student retention rates, academic throughput, and overall study
satisfaction). It is, therefore, not surprising that universities have
taken a strong interest in developing and implementing interventions
to support students in their mental health and academic success
(Harrer et al., 2018).

One promising approach on which interventions can be designed
and evaluated is the Study Demands and Resources Framework (SDR:
Mokgele and Rothmann, 2014; Lesener et al., 2020). The SDR is a
framework for understanding the role that the characteristics of
students’ educational experiences play in predicting the factors
influencing students’ wellbeing and performance. Drawing from the
conservation of resources theory and the job-demands-resources
model (Demerouti et al., 2000), the SDR posits that student wellbeing
and academic performance is a function of a dynamic interaction
between study characteristics (study demands and resources) and its
(de) energizing and motivational consequences (Lesener et al., 2020).
Specifically, it argues that studying is a goal-oriented activity which
involves a balance between study demands and resources. The model
suggests that study demands such as workload, task complexity, and
work pressure can negatively impact students’ engagement and
performance, whereas study resources such as peer- and lecturer
support, growth opportunities and information availability can
positively impact these outcomes.

According to Van Zyl et al. (2021a), study demands refer to a study
program’s physical, psychological, social and institutional aspects that
require sustained physical, emotional or mental effort over time.
When these study demands exceed a student’s capabilities or personal
limits, it induces stress and anxiety, which may lead to burnout, poor
engagement with study material and lower academic performance
(Lesener et al., 2020). In contrast, study resources refer to aspects of an
educational program that are functional in achieving academic goals,
reducing study demands, and facilitating wellbeing. When students
have access to the necessary study resources, they are more likely to
reduce the harmful or de-energizing effects external demands have on
their engagement and wellbeing (Kember, 2004; Krifa et al., 2022).
Recent research has shown the importance of specific study resources
(i.e., peer support, lecturer support, growth opportunities, and
information availability) for important individual (e.g., motivation,
engagement, mental health) and university outcomes (e.g., academic/
task performance; academic throughput) (Mokgele and Rothmann,
2014; Lesener et al., 2020; Van Zyl, 2021; Van Zyl et al., 2024a).

The dynamic interaction between study demands and resources
can activate: (a) a health impairment process/de-energizing effect or
(b) a motivational process. According to Lesener et al. (2020) the
health impairment process occurs when there is an imbalance in study
characteristics (high study demands, low study resources) and the
students’ personal resources or ability to cope. This imbalance leads to

Frontiers in Education

10.3389/feduc.2024.1409099

mental exhaustion and physical/psychological fatigue, which
negatively affects engagement with and performance in academic
tasks (Schaufeli and Bakker, 2004). In contrast, Lesener et al. (2020)
argue that the motivational process is triggered when there is an
abundance of study resources, as it not only acts as a buffer against the
effects of high study demands but promotes motivation and
engagement. In essence, this implies that when study demands are low
and resources are high, students are more motivated to perform
(Schaufeli and Bakker, 2004; Lesener et al, 2020).! Designing
interventions to help facilitate an optimal balance between these study
characteristics is therefore essential for student success.

To develop, implement, and evaluate the effectiveness of
interventions around the SDR framework, it is essential to utilise
measures that can model the data captured around study
characteristics (study demands and -resources) in a valid and reliable
manner (Van Zyl et al, 2023). These instruments could aid in
identifying the specific study related factors which students believe
affect their mental health, wellbeing, and academic performance in
different contexts. These could also help evaluate or monitor the
effects of interventions aimed at helping students find a balance
between their demands and resources over time. However, there is
currently no consensus on operationalizing study characteristics
comprehensively and consistently (Van Zyl, 2021). Moreover, there is
a need to investigate the psychometric properties of existing measures
in order to ensure that study characteristics are measured in a valid
and reliable manner.

The measurement of study characteristics

One measure which has shown promise in evaluating study
characteristics is Mokgele and Rothmann’s (2014) Study Demands and
Resources Scale (SDRS). The SDRS is a 23-item self-report measure,
rated on a five-point Likert-type scale. It aims to assess the extent to
which students perceive their academic environments as demanding
and resourceful. The instrument aims to measure students” perception
of the dynamic interaction between various study characteristics (Van
Zyl, 2021). Specifically, it measures students’ perceptions related to one
study demand (workload) and four study resources (growth
opportunities, peer support, lecturer support, and information
availability), which have all shown to be important across educational
sectors (Mokgele and Rothmann, 2014). These perceptions as to the
availability of these demands and resources are measured as subjective
experiences, which may differ from the actual availability of such.

Mokgele and Rothmann’s (2014) instrument measures and defines
study characteristics as the design attributes (study demands/
resources) of an academic program that may impact students’ attitudes
and performance-related behaviors. From this perspective, workload
(as a study demand) reflects the amount of physical/emotional/
psychological effort students are expected to exert within a specific
timeframe relating to the completion of academic tasks (Van Zyl et al.,

1 Itisimportant to note that the relationship between study demands, study
resources and engagement/performance is moderated by numerous factors
like personal resources (e.g., grit and resilience) and personal demands (e.g.,

academic boredom).
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2021a). In contrast, the scale considers growth opportunities, peer
support, lecturer support, and information availability as study
resources. Here, growth opportunities refer to the features of a study
program that offer students opportunities for personal and
professional development (Van Zyl et al., 2021a). As social resources,
peer support pertains to the emotional, informational, and practical
support or assistance students receive from their classmates, whereas
lecturer support involves the guidance, feedback, and encouragement
lecturers provide (Mokgele and Rothmann, 2014; Van Zyl, 2021).
Finally, information availability relates to the extent to which students
can access timely and relevant information to efficiently perform their
study-related tasks (Mokgele and Rothmann, 2014).

Although the scale has been used in several papers, no studies
other than the original paper specifically evaluated the instrument’s
psychometric properties. Empirical evidence of the SDRSs factorial
validity, internal consistency, temporal stability, and criterion validity
is lacking in the literature. However, some support can be drawn from
applied research where the instrument was used in different
university contexts.

Factorial validity of the SDRS

In their original study, Mokgele and Rothmann (2014) explored
the factorial validity of the SDRS by estimating and comparing several
competing independent cluster confirmatory factor analytical models.
First, a two-factor first-order factorial model comprising two
unidimensional models of study demands and overall study resources
was estimated. Second, a five-first-order factorial model was estimated,
which consisted of study demands (workload), growth opportunities,
peer support, lecturer support, and information availability. Finally, a
second-order factorial model was estimated with study resources as a
higher-order factor consisting of growth opportunities, peer support,
lecturer support, information availability, and a single first-order
factor for study demands. Both the first and second factorial models
showed poor data-model fit with model fit statistics falling outside of
the suggested and ranges (CFI & TLI >0.90; RMSEA <0.08; SRMR
<0.08; Non-Significant Chi-square). Only Model 3, with the higher-
order factorial model for study resources (comprising four first-order
factors) and the first-order factor for study demands, showed good
data-model fit and was retained for further analysis. Although no
other study explicitly explored the factorial validity of the instrument,
various applied research studies have shown support for its factorial
validity. In a study aimed at tracking study characteristics and mental
health, Van Zyl et al. (2021a) found support for a unidimensional
study demands and a unidimensional study resources factor which
showed good reliability over 10 weeks. Similarly, Van Zyl (2021) used
the peer- and lecturer support subscales of the SDRS, which showed
support for a single first-order factorial model for overall social study
resources (comprising lecturer support and peer support) across a
3 months period. In a cross-sectional study on a South African student
population, Van der Ross et al. (2022) found that both a five-factor
first-order factorial model (workload, growth opportunities, lecturer
support, peer support, and information availability), as well as a
unidimensional model for overall study demands and study resources
fitted the data well.

It is, however, important to note that all four of these studies only
employed independent clustering confirmatory factory analytical
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(ICM-CFA) approaches to estimate the factorial validity of the
instrument. ICM-CFA models are based on an a priori specification
of items onto target latent factors, whereby cross-loadings on other
factors are not permitted (Marsh et al., 2009). The aim is to determine
if a theoretical factorial model “fits” the collected data (Van Zyl and
Ten Klooster, 2022). This approach poses several empirical and
conceptual problems as to how factors are conceptualized and how
these are eventually measured (cf. Van Zyl and Ten Klooster, 2022 for
a full explanation). Specifically, the ICM-CFA approach (a)
undermines the multidimensional view and measurement of
constructs, (b) ignores the conceptual interaction between factors and
items when modelling data, (c) negatively affects the discriminant-
and predictive validity of instruments due to high levels of
multicollinearity, and (d) undermines the practical, diagnostic utility
of a measure (Marsh et al., 2009, 2014; Morin et al., 2016; Van Zyl and
Ten Klooster, 2022).

The ICM-CFA approach also brings about challenges between
how factors are theoretically conceptualised and how they are
modelled (Van Zyl and Ten Klooster, 2022; Van Zyl et al., 2023, 2024a).
Mokgele and Rothmann (2014) theoretically positioned study
demands and -resources as factors that dynamically interacts but
measured and modelled such via the ICM-CFA approach as
orthogonal (i.e., statistically independent). This implies that various
study demands, and study resources are measured as independent
factors however, in both the practical and theoretical sense, these
factors are related and interacts. For example, workload and time
pressure are seen as independent factors, however when students
experience high levels of workload, its usually driven by extreme time
pressure (Lesener et al, 2020). Similarly, lecturer support and
information availability as study resources are measured as
independent factors, yet lecturers are primarily responsible for
providing information about study processes and practices, which
affects how students perceive the support they get from their lectures
(Lesener et al., 2020). There is thus a difference between how study
characteristics are theoretically conceptualised and practically
assessed/modelled. The ICM-CFA approach, which forces non-target
factor loadings to be zero, is therefore not able to accurately model nor
capture these interactions.

To address the conceptual orthogonality of study demands and
their
interdependencies, we utilized exploratory structural equation
modelling (ESEM) and target rotation within ESEM to model the
theoretical conceptualisation of the instrument and address the

study resources while acknowledging empirical

empirical limitations of the ICM-CFA approach more accurately
(Marsh et al., 2014). ESEM is also a confirmatory factor analytical
technique but expressed in an exploratory manner. Specifically,
items target their a priori latent factor but cross-loadings between
non-target loadings are permitted and constrained to be close to
zero (Asparouhov and Muthén, 2009). This less restrictive
approach allows for an interaction between items when modelling
latent factors (Marsh et al., 2014). Given that study characteristics
are conceptualized as a dynamic interaction between study
demands and resources, and that there are conceptual overlaps
between certain resources (e.g., lecturer support and growth
opportunities/information availability as well as lecturer support
and peer support), the ESEM approach seems more appropriate to
model these factors. No study has been found that modelled study
characteristics through the less restrictive ESEM framework,
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however it is presumed that these models will fit data on the SDRS
better than more traditional ICM-CFA approaches.

Reliability and internal consistency of the
SDRS

The reliability and internal consistency of the SDRS has also been
explored. In the original study, the SDRS measured these factors
reliably with point estimate reliability estimates ranging from 0.70 to
0.79 (Mokgele and Rothmann, 2014). In Van Zyl et al. (2021a) the
instrument assessed the two unidimensional models for study
demands and study resources reliably in students over a 10 week
period with Cronbach’s alpha ranging from 0.84 to 0.96 across time.
In respect of the social study resources, Van Zyl (2021) reported that
the instrument assessed such reliability with acceptable levels of
internal consistency across eight-time points with both composite
reliability and Cronbach’s alpha ranging from 0.74 to 0.86. Similarly,
Van der Ross et al. (2022) showed that the study demands (workload)
and study resources sub-scales produce McDonald’s Omegas (upper-
bound estimates of reliability) ranging from 0.68 to 0.84. There is thus
sufficient support for the ability of the SDRS to measure study
characteristics reliably. It is therefore hypothesized that the SDRS will
produce acceptable levels of reliability over time.

Stability of the SDRS over time

Another matter to consider when evaluating the appropriateness of
a psychometric instrument is its temporal stability. Meaningful
comparisons of study demands and resources can only be made if there
is evidence that the factors are measured and understood the same at
different time points. Given that study demands and resources fluctuate
significantly throughout the duration of a study period, it’s imperative
to ensure that these factors are measured accurately, concisely and
similarly over time, using for example, longitudinal confirmatory factor
analysis (LFA) and longitudinal measurement invariance (LMI) to
estimate scale factorial equivalence over time (Wang and Wang, 2020).
LFA and LMI are used to assess: (a) if an instrument’s factorial models
are stable over time with similar patterns of item loadings, (b) if items
load similarly, and consistently onto their respective target factors over
time, and (c) if intercepts of items are equivalent over time (Wang and
Wang, 2020). Although there is some anecdotal evidence as to the SDRS
factorial equivalence (at least from a factorial validity perspective; cf.
Van Zyl, 2021; Van Zyl et al., 2021a) over time, no study has attempted
to specifically assess its temporal stability. Thus, there are no reference
points for such from the current literature. However, given that the
reliability estimates of the different factorial models were relatively
stable in two longitudinal studies (cf. Van Zyl, 2021; Van Zyl et al,
2021a), it is expected that the SDRS will be relatively stable over time.

Criterion validity: the relationship with
study engagement and task performance

To further explore the validity of the SDRS, criterion validity

(concurrent and predictive validity) should be established through its
relationship with different constructs, such as study engagement and
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task performance at different timepoints. Study engagement is a positive
motivational state characterized by vigour, dedication, and absorption
in studying (Ouweneel et al., 2011). Task performance pertains to “the
proficiency of students to make the right choices and take the initiative
to perform the most important or core/substantive tasks central to their
studies” (van Zyl et al., 2022, p. 11). These tasks include reading course
materials, taking notes during lectures and reading, practicing problems
or exercises, writing essays or topics with opportunities for peer review,
taking exams and engaging with tasks that provide feedback from peers
and lecturers. Drawing from the SDR framework, Lesener et al. (2020)
argued that high study demands (such as a heavy workload or severe
time pressure) increase stress and decrease motivation to engage in
academic content. When study demands are high, students must exert
increased physical, psychological, and emotional effort to meet
academic expectations and complete tasks (Schaufeli and Bakker, 2004).
This mental exhaustion in turn leads to lower levels of study engagement
and performance in academic-related tasks (Mokgele and Rothmann,
2014; Lesener et al., 2020).

In contrast, study resources such as growth opportunities, lecturer
support, peer support, and information availability, promote self-
efficacy, academic mastery, and intrinsic motivation, which ultimately
leads to higher engagement and task performance (Van Zyl, 2021; Van
Zyl et al., 2024b). When students have access to appropriate study-
related resources, they are more likely to cope with academic demands
and are more motivated to perform (Lesener et al., 2020). For example,
research suggests that when academic environments provide students
with growth opportunities (e.g., challenging assignments), it fosters a
sense of personal mastery and enhances their competence in future
tasks, which leads to higher motivation and study engagement
(Lesener et al., 2020). Similarly, when students have access to
appropriate social support systems, such as getting guidance/feedback
from lecturers or emotional support from their peers, it enhances their
self-confidence and reduces academic uncertainty, leading to
improved engagement and task performance (Schaufeli and Bakker,
2004; Lesener et al., 2020).

Taken together, the SDR framework posits that students require
an optimal balance between their study demands and resources in
order for them to feel motivated to engage in their studies and to
perform in academic tasks. Therefore, to establish concurrent validity,
it’s essential to consider the relationship between study characteristics,
study engagement and task performance at different time points.
Similarly, to find support for the scale’s predictive validity, the
relationship between study characteristics at the beginning of a
course/semester and study engagement and task performance at the
end of the course/semester should be considered. As such, it’s
hypothesized that statistically significant relationships between these
factors, at different timepoints, will be present.

The current study

Given the importance of study characteristics in both the design
of educational programs and the wellbeing of students, it's imperative
to ensure that such is measured in a reliable and valid manner. The
SDRS could be a viable tool to assess study characteristics and to track
the impact of study demands/resources over time. Despite initial
promise and anecdotal evidence in applied research, the psychometric
properties of the SDRS have not been extensively investigated.
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TABLE 1 Demographic characteristics of participants at Time 1 (N =1,410) and Time 2 (N =1,265).

Category Time 1 Time 2
Frequency (f) Percentage (%) Frequency (f) Percentage (%)
Male 803 56.95 781 61.74
Female 600 42.55 478 37.79
Other 5 0.35 4 0.32
Gender Missing 2 0.14 2 0.20
18-23years 1,148 81.42 1,018 80.47
24-30vyears 218 15.46 214 16.92
30years and older 37 2.62 36 2.85
Age (years) Missing 7 0.50 0 0.00
European 996 70.59 996 78.70
Indian 88 6.24 88 6.96
Hong Kong 114 8.09 114 9.01
USA 207 14.68 66 5.22
National Cohort Missing 5 0.35 2 0.20
English 366 25.96 226 17.87
Dutch 519 36.81 519 41.03
Indian 185 13.12 185 14.62
Chinese 206 14.61 206 16.28
Home Language Other 134 9.50 129 10.20

As such, this study aimed to investigate the psychometric
properties, longitudinal invariance, and criterion validity of the SDRS
within a cross-national student population. Specifically, it aimed to
determine the (a) longitudinal factorial validity and the internal
consistency of the instrument, (b) its temporal invariance, and (c) its
criterion validity through its relationship with study engagement and
task performance within and between different time points.

Methodology
Participants and procedure

An availability-based sampling strategy was employed to draw
1,410 participants at Time 1 and 1,265 participants at Time 2 from five
universities located in Belgian, Netherlands, India, Hong Kong, and
the United States. Questionnaires were distributed electronically at the
beginning and end of a given course. Data collection took place over
a period of three years. The demographic characteristics of the sample
at Time 1 and Time 2 are summarised in Table 1. The majority of the
participants were Dutch-speaking (Time 1: 36.81%, Time 2: 41.03%)
males (Time 1: 56.95%, Time 2: 61.74%) of European descent (Time
1: 70.59%, Time 2: 78.70%) between the ages of 18 and 23 years (Time
1: 81.42%, Time 2: 78.70%).

Measures

The Study Demands and Resources Scale (SDRS: Mokgele and
Rothmann, 2014) was used to measure study characteristics (study
demands, study resources). The 23-item self-report scale measured
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overall study demands with items such as “Do you have too much
work to do?” and four study resources: (a) peer support (“When
necessary, can you ask fellow students for help?”), (b) lecturer support
(“Can you discuss study problems with your lecturers?”), (c) growth
opportunities (“Do your studies offer opportunities for personal
growth/development?”), and (d) information availability (“Are
you kept adequately up-to-date about issues within the course?”). The
scale employed a 5-point Likert scale ranging from 1 (“Never”) to 5
(“Always”). The SDRS has been shown to be a reliable instrument in
other studies with McDonald’s Omega and Cronbach’s alpha ranging
from 0.68 to 0.96 (Mokgele and Rothmann, 2014; Van Zyl, 2021; Van
Zyl et al., 2021a; van der Ross et al., 2022).

The student version of the Utrecht Work Engagement Scale
(UWES-S: Schaufeli et al, 2006) was used to measure study
engagement. The nine-item self-report scale is rated on a seven-point
Likert-type scale ranging from 0 (“Never”) to 6 (“Always”). The
instrument measures three components of study engagement: (a)
vigour (“When I am doing my work as a student, I feel bursting with
energy”), (b) dedication (“I am proud of my studies”), and (c)
absorption (“I get carried away when I am studying”). The UWES-S
has shown to be a reliable measure with Cronbach Alpha’s ranging
from 0.72 to 0.93 in various studies (Schaufeli et al., 2009).

The student version of the Task Performance Scale (TPS:
Koopmans et al., 2012) was used to measure students’ overall task
performance. The seven-item self-report instrument is measured on
a six-point Likert type scale ranging from 1 (“Never”) to 6 (“Always”)
with items such as “I knew how to set the right priorities” The TPS has
also shown to be a reliable measure with McDonald’s Omegas and
Cronbach Alphas ranging from 0.72 to 0.93 in various studies
(Magada and Govender, 2017; van Zyl et al., 2022; Van Zyl
et al., 2024a).
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TABLE 2 Model fit statistics.

10.3389/feduc.2024.1409099

Fit indices Cut-Off Criterion Sensitive to N Penalty for model complexity
Absolute fit indices
Lowest comparative value between measurement
Chi-Square (%) models Yes No
Non-Significant Chi-Square (p>0.01)
Approximate Fit Indices
0.06 to 0.08 (Marginally Acceptable); 0.01 to 0.05
(Excellent)
Root-Means-Square Error of
Non-Significant RMSEA (p>0.01) No Yes
Approximation (RMSEA)
90% Confidence Interval Range should not
include Zero
Standardized Root Mean Square 0.06 to 0.08 (Marginally Acceptable); 0.01 to 0.05 v N
es o
Residual (SRMR) (Excellent)
Incremental fit indices
0.90 to 0.95 (Marginally Acceptable Fit); 0.96 to
Comparative Fit Index (CFI) No No
0.99 (Excellent)
0.90 to 0.95 (Marginally Acceptable Fit); 0.96 to
Tucker-Lewis Index (TLI) No Yes
0.99 (Excellent)
Lowest value in comparative measurement
Akaike Information Criterion (AIC) Yes Yes
models
Lowest value in comparative measurement
Bayes Information Criterion (BIC) del. Yes Yes
models

Adapted from Van Zyl and Ten Klooster (2022).

Statistical analysis

Data were analysed with both JASP 0.15 (JASP, 2021) and Mplus
8.8 (Muthén and Muthén, 2023).

First, to explore the factorial structure of the SDRS, all items at
each time stamp were entered into an exploratory factor analysis with
a varimax rotation. Here, the structural equation modelling (SEM)
approach was employed with the robust maximum likelihood
estimation method (MLR). Competing EFA models were specified,
estimated and compared based on conventional data-model fit
statistics (cf. Table 2). Factors with eigenvalues larger than one were
extracted, and items were required to load statistically significantly on
each extracted factor (factor loading >0.35; p <0.01). Further, items
needed to explain at least 50% of the overall variance.

Second, the factorial validity of the SDRS was explored by
employing a competing confirmatory factor analytical measurement
modelling strategy with the MLR estimation method. To determine
the best fitting model for the SDRS, both independent cluster
modelling confirmatory factor analytical approaches (CFA) and
modern exploratory structural equation modelling (ESEM)
approaches were used to estimate and compare different competing
measurement models at both time points separately (Van Zyl and Ten
Klooster, 2022; Muthén and Muthén, 2023). For the traditional CFAs,
items were only permitted to load onto their a priori factorial models,
and cross-loadings were constrained to zero. A target rotation was
used for the bifactor CFA models, and factors were specified as
orthogonal. Here a general study characteristics factor (G-Factor) and
different permutations of specific study characteristics (S-Factors)
which corresponded to the theoretical dimensions of the SDRS were
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extracted. The ESEM models were estimated and specified in
accordance with the best practice guidelines of Van Zyl and Ten
Klooster (2022). The De Beer and Van Zyl (2019) ESEM syntax
generator were used to generate the Mplus code for the ESEM Models.
Within this framework, ESEM factors were specified similar to the
CFA models; however, cross-loadings between items and non-target
factors were permitted. These were constrained to be close to zero and
a target rotation was used (Van Zyl and Ten Klooster, 2022). Bifactor
ESEM models similar to their CFA counterparts were also specified.
Here cross-loadings between S-factors were permitted and constrained
to be as close to zero as possible (Van Zyl and Ten Klooster, 2022).
Set-ESEM models were also estimated where cross-loadings were only
permitted (but constrained to be close to zero) for theoretically related
factors. The best-fitting measurement model for the data was
determined by evaluating and comparing models based on Hu and
Bentler’s (1999) data-model fit criteria (cf. Table 2) and indicators of
measurement quality. Measurement quality was evaluated through
standardized factor loadings (e.g., >0.35), item uniqueness (e.g.,
>0.10, but <0.90), and levels of tolerance for cross-loadings (Kline,
2010). For the bifactor models, measurement quality was indicated
through a well-defined general factor of overall study characteristics
and relatively well-defined specific factors (that allows for lower factor
loadings on target factors). Models that met both measurement quality
and data-model fit criteria were retained for further analysis (McNeish
etal., 2018).

Third, a longitudinal factor analytic (LFA) strategy was employed
to determine the factorial stability of the SDRS between Time 1 and
Time 2. Here, the best-fitting CFA / ESEM measurement models from
Time 1 were regressed on their corresponding counterparts in Time
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2 (Von Eye, 1990; Van Zyl et al., 2021a). In addition to meeting the
data-model fit and measurement quality criteria, the regression paths
between factors were required to be significant and large (Standardized
f>0.50; p<0.05) and the standard errors low (Von Eye, 1990). LFA
models that met all four criteria were retained for further analysis.

Fourth, the temporal equivalence or “longitudinal measurement
invariance” (LMI) of the best-fitting LFA model of the SDRS was
estimated to determine whether study characteristics were measured
similarly between Time 1 and Time 2. LMI was evaluated by
estimating and comparing a series of increasingly restrictive models:
(a) configural invariance- (similar factor structures over time), (b)
metric invariance (similar factor loadings over time), and (c) scalar
invariance (similar intercepts over time). Models were compared
based on Chen’s (2007) criteria: changes in RMSEA (A <0.015;
p>0.01), SRMR (A <0.02 for configural versus metric/scalar; A <0.01
for metric versus scalar), CFI (A<0.01), and TLI (A<0.01) (Chen,
2007; Wang and Wang, 2020). Chi-square and chi-square differences
test were estimated and reported for transparency, but due to current
debates and challenges associated with the statistic, the results were
not used as evaluation criteria (cf. Morrin et al., 2020; Wang and
Wang, 2020). Latent mean comparisons were also estimated for the
model, which showed to be invariant over time. Mean scores at Time
1 were used as the reference group and constrained to zero, and mean
scores at Time 2 were freely estimated (Wang and Wang, 2020). Latent
mean score differences should differ significantly from zero (p <0.05).

Fifth, standardized factor loadings and internal consistency were
reported for the model that showed to be invariant over time. Internal
consistency was estimated through McDonald’s Omega (@ >0.70;
Hayes and Coutts, 2020).

Finally, to establish concurrent and predictive validity, separate
structural models were estimated based on the best-fitting LFA and
LMI model. Study characteristics were indicated as exogenous factors
and study engagement and task performance as endogenous factors.
For concurrent validity, study characteristics (both the general and
specific factors) at Time 1 were regressed on Study Engagement and
Task Performance at Time 1. Similarly, study characteristics at Time 2
were regressed on Study engagement and Task Performance at Time
2. For predictive validity, study characteristics at Time 1 were regressed
on Study Engagement and Task Performance at Time 2. A significance
level of p<0.05 (95% confidence interval) for each regressive path
was set.

Results

The psychometric properties, longitudinal invariance, and
criterion validity results are briefly described, tabulated, and reported
in separate sections.

Exploratory factor analysis

To explore the factorial structure of the SDRS, an EFA approach
with a Varimax rotation was employed on the data at both Time 1 and
Time 2. As an initial measure, one to six factorial models were
specified to be extracted. Factorial models were specified based on the
a priori factorial structure of the original SDRS. At both timepoints,
four items (“Do your studies require creativity?”, “Do you have enough
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variety in your studies?” “Do you know exactly what your lecturers

Y «

expect of you in your studies?”, “Do you know exactly what your
lecturers think of your performance?”) needed to be removed due to
poor factor loadings.

The results summarised in Table 3 showed that a five-factor model
fitted the data best at both Time 1 (y%1410=291.017; df=286;
RMSEA=0.04 [0.036, 0.046] p=0.99; SRMR=0.02; Cumulative
R*=57.98) and Time 2 (41,65 = 268.481; df=86; RMSEA =0.04 [0.035,
0.047] p=0.99; SRMR =0.02; Cumulative R?*=60.31). The five-factor
model showed a significantly better fit than any other factorial model.
The five factors were labelled: Workload (5 items), Growth
Opportunities (4 items), Peer Support (3 items), Lecturer Support (3
items), and Information Availability (4 items). The item loadings and
declared variance for this model are presented in Table 3. All items
loaded larger than 0.35 onto their respective factors (cf. Kline, 2010).

Factorial validity: competing measurement
models for Time 1 and Time 2

A competing measurement modelling strategy was employed to
establish the factorial validity of the SDRS at each of the two-time
points. Measured items were used as observed indicators, no items
were removed, and error terms were freely estimated. In total, 27
separate models were tested and systematically compared at each time
point (cf. Appendix A for a visual representation). A description of
each model and the associated model fit statistics are summarised in
Table 4.

The results showed that only two models fitted the data at both
Time 1 and Time 2. At Time 1, Model 14, the Bifactor CFA Model
with one General Factor (Overall Study Characteristics) and five
specific factors (Workload, Growth Opportunities, Peer Support,
Lecturer Support, and Information Availability: cf. Figure 1)
(FPano=387.85; df=133; CFI1=0.96; TLI=0.95 RMSEA=0.04
[0.033, 0.041] p=1.00; SRMR=0.04; AIC=64126.38;
BIC=64525.49) and the corresponding Bifactor ESEM Model 22
with one General Factor (Overall Study Characteristics) and five
specific factors (Workload, Growth Opportunities, Peer Support,
Lecturer Support, and Information Availability: cf. Figure 1)
(FPane=175.11; df=72; CF1=0.98; TLI=0.96; RMSEA =0.03 [0.026,
0.038] p=1.00; SRMR =0.01; AIC=63993.94; BIC=64713.37) fitted
the data best.

A similar pattern was found at Time 2, where the Bifactor CFA
Model 14 with one General and five Specific factors (11565 =354,07;
df=133; CF1=0.97; TLI=0.96; RMSEA =0.04 [0.032, 0.041] p=1.00;
SRMR =0.03; AIC=53801.79; BIC=54192.64) and the corresponding
Bifactor ESEM Model 22 with one General Factor and five specific
(Fa2ss)=161,84; df=72; CF1=0.99; TLI=0.97; RMSEA =0.03 [0.025,
0.038] p=1.00; SRMR=0.01; AIC=53676.42; BIC=54380.99) fitted
the data best.

Both models at both time points met the measurement quality
criteria producing acceptable standardized factor loadings (1> 0.35;
p<0.01), standard errors, and item uniqueness (§<0.10 but >0.90;

2 To conserve in text space, only the models that fitted the data best at both

Time 1 and Time 2 are discussed.
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TABLE 3 Exploratory factory analysis with Varimax rotation.

Factor

10.3389/feduc.2024.1409099

Workload 22.46 28.35
SDR_1 Do you have too much work to do? 0.60 0.76
SDR_2 Do you work under time pressure? 0.60 0.72
SDR_3 Do you have to work extra hard to complete something for your studies? 0.63 0.74
SDR_4 Do you have to give continuous attention to your studies? 0.69 0.66
SDR_5 Do you have to remember many things in your studies? 0.69 0.66
Growth Opportunities 14.11 13.45
SDR_7 Do your studies make sufficient demands on your skills and capacities? 0.43 0.56
SDR_9 Do your studies offer you opportunities for personal growth and 069 071
development?
SDR_10 Do your studies give you the feeling that you can achieve something? 0.69 0.67
SDR_11 Do your studies give you the opportunity for independent thought and 053 062
action?
Peer Support 6.71 6.42
SDR_12 Can you count on your fellow students when you run into difficulties in your 077 084
studies?
SDR_13 If necessary, can you ask your fellow students for help? 0.89 0.89
SDR_14 Do you get on well with your fellow students? 0.52 0.55
Lecturer Support 9.87 8.11
SDR_15 Can you count on your lecturer if you run into difficulties in your studies? 0.73 0.78
SDR_16 Do you get on well with your lecturers? 0.36 0.45
SDR_20 Can you discuss study problems with your lecturer? 0.49 0.49
Information Availability 4.83 3.98
SDR_19 Do you receive sufficient information on the results of your studies? 0.45 0.54
SDR_21 Are you kept adequately up-to-date about issues within the course? 0.62 0.70
SDR_22 Is the decision-making process within the course clear to you? 0.64 0.69
SDR 23 Is it clear whom you should contact if you experience specific problems 050 054
within the course?

p<0.01) (Asparouhov and Muthén, 2009; Kline, 2010), as well as
similar patterns of item loadings (Morin et al., 2020).

Longitudinal factor analyses: longitudinal
factorial validity and temporal stability

In the next step, longitudinal factor analytical models were
estimated and compared based on the best-fitting models from the
previous phase. In each of the LFA models, the general and specific
factors of the measurement model specified in Time 1 were regressed
on their counterparts at Time 2 (cf. Appendix B for a visual
representation). The following models were tested:

LFA Model 1: a Bifactor CFA model with one General Factor
(Overall Study Characteristics) and five specific factors (Workload,
Growth Opportunities, Peer Support, Lecturer Support, and
Information Availability) at Time 1 was regressed onto their
corresponding factorial counterparts at Time 2. Covariances between
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specific and general factors at each time point and between time
points were not permitted.

LFA Model 2: a Bifactor ESEM model with one General Factor
(Overall Study Characteristics) and five specific factors (Workload,
Growth Opportunities, Peer Support, Lecturer Support, and
Information Availability) at Time 1 was regressed onto their
corresponding factorial counterparts at Time 2. Covariances between
specific and general factors at each time point and between time
points were not permitted. Cross-loadings between items at a given
time point were permitted, but constrained to be as close to zero
as possible.

The results summarised in Table 5 indicated that only LFA
Model 2 (the Bifactor ESEM Model with one General and Five
Specific factors) fitted the data (3% = 1769.72; df=530; CF1=0.93;
TLI=0.90; RMSEA =0.04 [0.039, 0.043] p=1.00; SRMR=0.05;
AIC=115258.82; BIC=116566.41). The LFA Model 1 met all
criteria except that of TLI (TLI <0.90). LFA Model 2 also fitted the
data significantly better than LFA Model 1 (Ay’=-467.27;
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TABLE 4 Cross-sectional confirmatory factor analyses: measurement model fit statistics for Time 1 and Time 2.

RMSEA SRMR AIC BIC Meets
Criteria
Time 1
Model 1 Unidimensional Model 5101.07 153 0.20 0.11 0.15 [0.148-0.155] 0.18 69648.11 69942.18 69764.29 No
Model 2 Two First-Order Factor Model 2039.50 151 0.70 0.66 0.09 [0.091-0.098] 0.08 66000.11 66304.69 66120.45 No
Model 3 Second-Order Model with Two First Order Factors 2039.50 151 0.70 0.66 0.09 [0.091-0.098] 0.08 66000.11 66304.69 66120.45 No
Model 4 Three First-Order Factor Model 1763.53 149 0.74 0.70 0.09 [0.084-0.091] 0.08 65676.83 65991.91 65801.31 No
Model 5 Second-Order Model with Three First-Order Factors 1763.53 149 0.74 0.70 0.09 [0.084-0.091] 0.08 65676.83 65991.91 65801.31 No
Model 6 Four First-Order Factor Model 708.82 146 091 0.89 0.05 [0.048-0.056] 0.05 64470.04 64800.88 64600.75 No
Model 7 Second-Order Model with Three First-Order Factors + First Order Workload 734.92 148 091 0.89 0.05 [0.049-0.057] 0.06 64494.12 64814.45 64620.68 No
Model 8 Second-Order Model with Four First-Order Factors 734.92 148 0.91 0.89 0.05 [0.049-0.057] 0.06 64494.12 64814.45 64620.68 No
Model 9 Five First-Order Factor Model 588.25 142 0.93 091 0.05 [0.043-0.051] 0.05 64338.90 64690.74 64477.90 Marginally
Model 10 Second-Order Model with Five First-Order Factors + First Order Workload 633.16 147 0.92 091 0.05 [0.045-0.052] 0.05 64378.76 64704.34 64507.39 Marginally
Model 11 Second-Order Model with Five First-Order Factors 633.16 147 0.92 0.91 0.05 [0.045-0.052] 0.05 64378.76 64704.34 64507.39 Marginally
Model 12 Bi-Factor Model (One General & Four Specific Factors) 407.57 133 0.96 0.94 0.04 [0.034-0.043] 0.04 64149.68 64548.78 64307.36 Marginally
Model 13 Bi-Factor Model (One General & Four Specific Factors) + First Order 477.18 134 0.95 0.93 0.04 [0.039-0.047] 0.04 64225.93 64619.78 64381.53 Marginally
Workload
Model 14 Bi-Factor Model (One General & Five Specific Factors) 387.85 133 0.96 0.95 0.04 [0.033-0.041] 0.04 64126.38 64525.49 64284.06 Yes
Model 15 Bi-Factor Model (One General & Three Specific Factors) + First Order 457.94 133 0.95 0.93 0.04 [0.037-0.046] 0.04 64204.09 64603.19 64361.77 Marginally
Workload
Model 16 Two First-Order ESEM Model 1855.01 134 0.72 0.65 0.10 [0.092-0.099] 0.07 65827.28 66221.13 65982.88 No
Model 17 Second-Order ESEM with Two First-Order Factors 1855.01 134 0.72 0.65 0.10 [0.092-0.099] 0.07 65827.28 66221.13 65982.88 No
Model 18 Three First-Order ESEM Model 761.91 117 0.90 0.85 0.06 [0.058-0.067] 0.04 64597.13 65080.25 64788.00 No
Model 19 Second-Order ESEM with Three First-Order Factors 757.48 117 0.90 0.85 0.06 [0.058-0.067] 0.04 64597.13 65080.25 64788.00 No
Model 20 Five First-Order ESEM Model 259.51 86 0.97 0.94 0.04 [0.033-0.043] 0.02 64069.52 64715.44 64324.71 Marginally
Model 21 Second-Order ESEM Model with Five First-Order Factors 289.50 91 0.97 0.94 0.04 [0.034-0.044] 0.02 64093.60 64713.26 64338.42 | Marginally
Model 22 Bi-Factor ESEM Model (One General & Five Specific Factors) 175.11 72 0.98 0.96 0.03 [0.026-0.038] 0.01 63993.94 64713.37 64278.17 Yes
Model 23 Four First-Order ESEM Model 430.78 101 0.95 091 0.05 [0.043-0.053] 0.03 64239.35 64806.49 64463.42 Marginally
Model 24 Second-Order ESEM Model with Four First-Order Factors 441.02 103 0.95 0.91 0.05 [0.044-0.053] 0.03 64245.40 64802.04 64465.31 Marginally
Model 25 Bi-Factor ESEM Model (One General & Four Specific Factors) 259.51 86 0.97 0.94 0.04 [0.033-0.043] 0.02 64069.52 64715.44 64324.71 Marginally
Model 26 set-ESEM with Five First-Order Factors (Growth with Peers; Lecturer with 473.50 132 0.95 0.93 0.04 [0.039-0.047] 0.04 64225.83 64630.18 64385.58 Marginally
Info) + First Order Workload
Model 27 set-ESEM with Five First-Order Factors (Growth with Info; Lecturer with 509.06 128 0.94 0.92 0.04 [0.042-0.050] 0.04 64273.07 64698.42 64441.12 Marginally
Peers) + First Order Workload
(Continued)
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TABLE 4 (Continued)

RMSEA SRMR AIC BIC Meets
Criteria
Time 2
Model 1 Unidimensional Model 3864.37 153 0.49 0.43 0.14 [0.135-0.143] 0.13 57946.68 58239.82 58058.76 No
Model 2 Two First-Order Factor Model 2109.49 151 0.73 0.70 0.10 [0.097-0.105] 0.08 55877.72 56176.01 55991.77 No
Model 3 Second-Order Model with Two First Order Factors 2109.49 151 0.73 0.70 0.10 [0.097-0.105] 0.08 55877.72 56176.01 55991.77 No
Model 4 Three First-Order Factor Model 1728.30 149 0.78 0.75 0.09 [0.088-0.095] 0.07 55421.16 55729.73 55539.15 No
Model 5 Second-Order Model with Three First-Order Factors 1728.30 149 0.78 0.75 0.09 [0.088-0.095] 0.07 55421.16 55729.73 55539.15 No
Model 6 Four First-Order Factor Model 653.74 146 0.93 0.92 0.05 [0.048-0.057] 0.05 54136.04 54460.04 54259.92 Marginally
Model 7 Second-Order Model with Three First-Order Factors + First Order Workload 656.79 148 0.93 0.92 0.05 [0.048-0.056] 0.05 54134.73 54448.44 54254.67 Marginally
Model 8 Second-Order Model with Four First-Order Factors 656.79 148 0.93 0.92 0.05 [0.048-0.056] 0.05 54134.73 54448.44 54254.67 | Marginally
Model 9 Five First-Order Factor Model 497.93 142 0.95 0.94 0.05 [0.040-0.049] 0.05 53958.22 54302.79 54089.96 Marginally
Model 10 Second-Order Model with Five First-Order Factors + First Order Workload 517.78 147 0.95 0.94 0.05 [0.041-0.049] 0.05 53970.18 54289.03 54092.09 | Marginally
Model 11 Second-Order Model with Five First-Order Factors 517.78 147 0.95 0.94 0.05 [0.041-0.049] 0.05 53970.18 54289.03 54092.09 Marginally
Model 12 Bi-Factor Model (One General & Four Specific Factors) 381.56 133 0.97 0.96 0.04 [0.034-0.043] 0.04 53830.89 54221.75 53980.34 Yes
Model 13 Bi-Factor Model (One General & Four Specific Factors) + First Order 400.86 133 0.96 0.95 0.04 [0.035-0.045] 0.04 53856.28 54247.13 54005.72 Yes
Workload
Model 14 Bi-Factor Model (One General & Five Specific Factors) 354.07 133 0.97 0.96 0.04 [0.032-0.041] 0.03 53801.79 54192.64 53951.23 Yes
Model 15 Bi-Factor Model (One General & Three Specific Factors) + First Order 427.07 134 0.96 0.95 0.04 [0.037-0.046] 0.04 53882.20 54267.91 54029.68 Yes
Workload
Model 16 Two First-Order ESEM Model 2005.01 134 0.74 0.67 0.11 [0.101-0.109] 0.07 55806.00 56191.71 55953.48 No
Model 17 Second-Order ESEM with Two First-Order Factors 2005.01 134 0.74 0.67 0.11 [0.101-0.109] 0.07 55806.00 56191.71 55953.48 No
Model 18 Three First-Order ESEM Model 871.67 117 0.90 0.85 0.07 [0.067-0.076] 0.04 54469.94 54943.08 54650.84 No
Model 19 Second-Order ESEM with Three First-Order Factors 871.25 117 0.90 0.85 0.07 [0.067-0.076] 0.04 54469.94 54943.08 54650.84 No
Model 20 Five First-Order ESEM Model 229.37 86 0.98 0.96 0.04 [0.031-0.042] 0.02 53744.31 54376.88 53986.17 Yes
Model 21 Second-Order ESEM Model with Five First-Order Factors 319.86 91 0.97 0.95 0.04 [0.035-0.045] 0.02 56758.17 57401.03 57003.97 Yes
Model 22 Bi-Factor ESEM Model (One General & Five Specific Factors) 161.84 72 0.99 0.97 0.03 [0.025-0.038] 0.01 53676.42 54380.99 53945.81 Yes
Model 23 Four First-Order ESEM Model 424.30 101 0.96 0.93 0.05 [0.045-0.055] 0.02 53943.43 54498.86 54155.80 Marginally
Model 24 Second-Order ESEM Model with Four First-Order Factors 499.10 103 0.96 0.93 0.06 [0.050-0.060] 0.02 53940.93 54486.07 54149.36 Marginally
Model 25 Bi-Factor ESEM Model (One General & Four Specific Factors) 229.37 86 0.98 0.96 0.04 [0.031-0.042] 0.02 53744.31 54376.88 53986.17 Yes
Model 26 set-ESEM with Five First-Order Factors (Growth with Peers; Lecturer with 394.93 132 0.96 0.95 0.04 [0.035-0.046] 0.04 53851.04 54247.03 54002.45 Yes
Info) + First Order Workload
Model 27 set-ESEM with Five First-Order Factors (Growth with Info; Lecturer with 434.08 128 0.96 0.94 0.04 [0.039-0.048] 0.04 53903.35 54319.91 54062.62 | Marginally
Peers) + First Order Workload

> Chi-square; df, degrees of freedom; TLI, Tucker-Lewis Index; CFI, comparative fit index; RMSEA, root mean square error of approximation; SRMR, standardised root mean square residual; AIC, Akaike information criterion; BIC, Bayes information criterion; Bold,

non significant p>0.01.
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Model 14. Bifactor CFA Model with | General and § Specific Factors

FIGURE 1

Best fitting measurement models: Bifactor CFA and Bifactor ESEM models.

Model 22. Bifactor ESEM Model with 1 General and § Specific Factors

Adf=-91; ACFI=0.02; ATLI=0.01; ARMSEA =0.00;
ASRMR =0.00; AAIC: —347.81; ABIC: 130.06). Both longitudinal
models showed acceptable levels of measurement quality with
standardized factor loadings, standard errors, and item uniqueness
meeting the specified thresholds (Asparouhov and Muthén, 2009;
Kline, 2010).

To assess the final two assumptions for LFA, the regressive paths,
as well as the variance explained by factorial models of Time 1 on
Time 2, were estimated and summarised in Table 6. The results
showed that all factors at Time 1 for both LFA models predicted their
counterparts in Time 2. Both models, therefore, showed regression
paths between factors to be significant and large (Standardized
f>0.50; p<0.05) and the standard errors low (Von Eye, 1990). Both
LFA models, therefore, met the relationship criteria. Although LFA
Model 1 did not meet the TLI criteria, both models were retained for
invariance testing.

Longitudinal measurement invariance and
mean comparisons

After confirming the factorial structure over time, the next
step was to evaluate the scale’s temporal equivalence through
LMI. Separate LMI tests were estimated for the LFA Model 1 and
LFA Model 2. The results, summarised in Tables 7, 8, showed that
both the Bifactor CFA and the Bifactor ESEM models fitted the
data. However, LMI could only be established for the Bifactor
ESEM Model (LFA Model 2). No statistically significant
differences in terms of RMSEA (A <0.015), SRMR (A <0.015),
CFI (<0.010), and TLI (<0.010) between the configural, metric,
and scalar invariance models were found (Wang and Wang, 2020).
Therefore, only the Bifactor ESEM model with one general and
five specific factors showed to be consistent over time, hence
meaningful mean comparisons between Time 1 and Time 2 can
be made.

Latent mean scores for the general and specific factors at Time 1
were constrained to zero, whereby their counterparts were permitted
to be freely estimated at Time 2. The results showed that only overall
Study Characteristics (Ax=—0.15; SE=0.03; p=0.00), Lecturer
Support (Ax=0.34; SE=0.06; p=0.00) and Information Availability
(Ax=0.13; SE=0.05; p=0.04) at Time 2 differed meaningfully
from Time 1.
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Longitudinal factor loadings, item level
descriptive, and internal consistency

Taken together, only the Bifactor ESEM model with One General
and Five Specific factors was retained for further analysis. Next, the
standardized factor loadings, item uniqueness and the level of internal
consistency were estimated for this model. The results are summarised
in Tables 9, 10.

The results show that both general and specific factors are
measured reliably at both time points with McDonald’s Omegas
(@0>0.70) exceeding the suggested ranges. Further, at both time points
the General factors are well defined and Specific factors are relatively
well defined with significant factor loadings present on target factors.
However, items SDR_2 and SDR_3 at Time 2 seem to be better defined
by the specific factor. Taken together, the Bifactor ESEM Model with
one General and five Specific factors showed good measurement
quality and is retained for the final analysis.

Criterion validity: concurrent and
predictive validity

To establish criterion validity, both concurrent and predictive
validity was estimated through the SDRS’s relationship with study
engagement and task performance at different time points. Here, the
general and specific factors of the Bifactor ESEM model were specified
as exogenous factors while study engagement (as a function of vigour,
dedication, and absorption) and task performance were specified as
endogenous factors. The results for both concurrent and predictive
validity are summarised in Tables 11, 12 (cf. Appendices C & D for a
visual representation).

For concurrent validity, SDRS’s general and specific factors at Time
1 were first regressed on Study Engagement at Time 1. The model
showed adequate fit (y%410)=703.329; df=276; CF1=0.96; TLI=0.94;
RMSEA =0.03 [0.030, 0.036] p=1.00; SRMR=0.03; AIC=102140.04;
BIC=102969.75). Only Overall Study Characteristics (f=0.51;
S.E=0.04; p<0.05) and Growth Opportunities (f=0.31; S.E=0.06;
p<0.05) at Time 1 were associated with Study Engagement at Time 1.

At Time 2, Overall Study Characteristics (f=0.55; S.E=0.04;
p<0.05), Growth Opportunities (f=0.43; S.E=0.05; p<0.05) and
Workload at Time 2 (f=—-0.09; S.E=0.04; p <0.05) were associated
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TABLE 5 Longitudinal confirmatory factor analyses: measurement model fit statistics for Time 1 and Time 2.

Meets Fit

Criteria

Bi-Factor Model

(One General &
LFA Model 1 2236.99 621 0.91 0.89 0.04 [0.041-0.045] 0.05 115606.64 116436.35 115934.44 No
Five Specific

Factors)

Bi-Factor ESEM

Model (One
LFA Model 2 1769.72 530 0.93 0.90 0.04

[0.039-0.043] 0.05 115258.82 116566.41 115775.43 Yes
General & Five

Specific Factors)

% Chi-square; df, degrees of freedom; TLI, Tucker-Lewis Index; CFI, comparative fit index; RMSEA, root mean square error of approximation; SRMR, standardised root mean square residual; AIC, Akaike information criterion; BIC, Bayes information criterion; Bold,

non-significant p>0.01.

TABLE 6 Longitudinal confirmatory factor analyses: regressive paths between Time 1 and Time 2.

Regression Standardized
S.E t-value

Workload Time 1 Workload Time 2 0.86 0.02 39.58 0.74

Growth Opportunities Time 1 Growth Opportunities Time 2 0.69 0.05 14.15 0.47

Peer Support Time 1 Peer Support Time 2 0.71 0.03 27.64 0.51
LFA Model 1: Bifactor

Lecturer Support Time 1 Lecturer Support Time 2 0.64 0.10 6.21 0.41

Information Availability Time 1 Information Availability Time 2 0.80 0.10 8.38 0.65

Study Characteristics Time 1 Study Characteristics Time 2 0.70 0.03 23.01 0.49

Workload Time 1 Workload Time 2 0.85 0.02 45.32 0.72

Growth Opportunities Time 1 Growth Opportunities Time 2 0.66 0.04 15.76 0.44

Peer Support Time 1 Peer Support Time 2 0.71 0.03 27.14 0.51
LFA Model 2: Bifactor ESEM

Lecturer Support Time 1 Lecturer Support Time 2 0.71 0.07 10.45 0.51

Information Availability Time 1 Information Availability Time 2 0.70 0.04 16.74 0.48

Study Characteristics Time 1 Study Characteristics Time 2 0.59 0.02 32.81 0.35

All relationships were statistically significant p<0.01.
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TABLE 7 Longitudinal invariance of the Bifactor model.

Model Ay ARMSEA  ASRMR  Meets fit Meets
comparison Criteria invariance
criteria
Ml Configural 1159.81 602 0.97 0.96 0.03 | [0.023-0.028] 0.041 709.64 —-0.038 —0.038 0.010 0.037 Yes No
Invariance
Metric
M2 1765.26 635 0.93 0.93 0.04 | [0.034-0.038] 0.077 M2 vs. M1 605.45 —0.033 —0.035 0.036 0.036 Yes No
Invariance
Scalar
M3 1869.45 654 0.93 0.92 0.04 | [0.044-0.038] 0.078 M3 vs. M2 104.19 —0.005 —0.003 0.001 0.001 Yes No
Invariance

1e12 1AZ uea

T

610" uISIa1U0L

> Chi-square; df, degrees of freedom; TLI, Tucker-Lewis index; CFI, comparative fit index; RMSEA, root mean square error of approximation; SRMR, standardised root mean square residual; AIC, Akaike information criterion; BIC, Bayes information criterion; Bold,
non-significant p>0.01.

TABLE 8 Longitudinal invariance of the ESEM model.

SRMR Model Ay ARMSEA Meets fit Meets
comparison criteria invariance
criteria
M1 Configural 763.65 511 0.99 0.98 0.02 | [0.016-0.021] 0.03 M3 vs. M1 194.70 —0.007 —0.006 0.002 0.007 Yes Yes
Invariance
Metric
M2 870.32 569 0.98 0.98 0.02 | [0.017-0.022] 0.03 M2 vs. M1 106.67 -0.003 -0.002 0.005 0.005 Yes Yes
Invariance
Scalar
M3 958.35 588 0.98 0.97 0.02 | [0.019-0.024] 0.03 M3 vs. M2 88.03 —0.004 —0.004 0.002 0.002 Yes Yes
Invariance

i Chi-square; df, degrees of freedom; TLI, Tucker-Lewis index; CFI, comparative fit index; RMSEA, root mean square error of approximation; SRMR, standardised root mean square residual; AIC, Akaike information criterion; BIC, Bayes information criterion; Bold,
non-significant p >0.01.
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TABLE 9 Factor loadings and internal consistencies of the Bifactor ESEM model at Time 1.

BiFactor ESEM Model Time 1

Gfactor Sfactor Work Sfactor: GrOWth Sfactor: Peer Sfactor: sfactor: Info
Load Opportunities Support Lecturer Availability
Support
S.E. A S.E. A S.E. A S.E. A S.E.
SDR_1 —0.07  0.00 0.61 0.02 0.00 0.00 0.02 0.00 0.07 0.00 —0.02 0.00 0.62
SDR_2 —0.08  0.03 0.62 0.02 0.02 0.03 0.04 0.03 0.03 0.04 0.02 0.04 0.60
Workload SDR_3 0.10 0.03 0.61 0.02 0.10 0.03 -0.06 = 0.03 0.04 0.04 0.02 0.04 0.60
SDR_4 0.22 0.04 0.67 0.02 0.05 0.05 -0.11 | 0.03 0.00 0.05 -0.03 0.07 0.49
SDR_5 0.16 0.04 0.68 0.02 0.04 0.04 —-0.06 | 003 = —0.03 | 006 0.01 0.06 0.51
SDR_7 0.42 0.01 0.06 0.00 0.34 0.03 0.04 0.00 0.05 0.00 0.02 0.00 0.70
Growth SDR_9 0.47 0.03 —0.06 0.03 0.55 0.04 0.03 0.03 0.05 0.04 0.02 0.05 0.47
Opportunities | SDR_10 0.48 0.03 —0.07 0.03 0.54 0.03 0.06 0.03 0.03 0.04 0.04 0.05 0.48
SDR_11 0.50 0.03 0.05 0.03 0.36 0.04 0.00 0.03 0.00 0.04 0.02 0.05 0.62
SDR_12 0.08 0.00 —0.09 0.00 0.09 0.00 0.79 0.02 0.13 0.00 0.05 0.00 0.34
Peer Support SDR_13 0.18 0.02 —0.04 0.02 0.02 0.03 0.85 0.02 0.07 0.03 0.00 0.03 0.24
SDR_14 0.40 0.04 0.00 0.03 -0.02 0.04 0.50 0.03 | —020 005 -0.16 0.05 0.53
SDR_15 0.52 0.01 0.07 0.00 0.00 0.00 0.06 0.00 0.48 0.04 —0.01 0.00 0.49
Lecturer
support SDR_16 0.74 0.03 0.03 0.04 —0.11 0.05 -0.07 = 0.03 0.34 0.05 -0.20 0.08 0.38
SDR_20 0.41 0.03 —0.01 0.03 0.01 0.03 0.05 0.03 0.53 0.04 0.07 0.04 0.55
SDR_21 0.59 0.03 0.01 0.03 0.02 0.04 -0.05 | 003 = —0.04 | 004 0.33 0.06 0.54
Information SDR_22 0.58 0.03 —0.04 0.03 0.01 0.03 —-0.05 | 0.03 0.05 0.04 0.38 0.05 0.51
Availability SDR_19 0.45 0.01 —0.04 0.00 0.11 0.00 -0.01 | 0.00 0.11 0.00 0.27 0.05 0.70
SDR_23 0.55 0.02 —0.02 0.00 —0.02 0.00 0.03 0.00 0.06 0.00 0.18 0.00 0.66
Omega 0.77 0.78 0.75 0.80 0.69 0.71

Grueon general factor; Spo specific factor; Bold, significant p <0.01; 8, item uniqueness.

with Study Engagement at Time 2. Here, the overall SDRS explained
36% of the overall variance in Study Engagement at Time 1 and 50%
at Time 2. This model also showed adequate fit (1,65 =638.30;
df=277; CF1=0.96; TLI=0.94; RMSEA =0.03 [0.029, 0.035] p=1.00;
SRMR=0.03; AIC=85312.55; BIC=86119.97).

Similarly, concurrent validity was explored through determining
the relationship of SDRS’s general and specific factors at Time 1 with
Task Performance at Time 1. This model showed good fit
(P = 631.89; df=227; CF1=0.96; TLI=0.94; RMSEA =0.04 [0.032,
0.039] p=1.00; SRMR =0.03; AIC=91120.36; BIC=91908.060). The
results showed that Overall Study Characteristics (3=0.51; S.E=0.04;
p<0.05), Growth Opportunities (f=0.13; S.E=0.06; p <0.05), Peer
Support (#=0.14; S.E=0.03; p <0.05), and Lecturer Support ($=0.18;
S.E=0.04; p <0.05) were associated with Task Performance at Time 1.

At Time 2, Overall Study Characteristics (f=0.54; S.E=0.04;
p<0.05), Peer Support (f#=0.10; S.E=0.03; p<0.05), Lecturer
Support (f=0.22; S.SE=0.05; p<0.05), and Workload at Time 2
(f=-0.13; SE=0.04; p<0.05) were associated with Study
Engagement at Time 2. Here, the overall SDRS explained 34% of the
overall variance in Task Performance at Time 1 and 37% at Time 2.
This model also showed adequate fit (3% =649.820; df=228;
CFI=0.96; TLI=0.95 RMSEA=0.04 [0.035, 0.042] p=1.00;
SRMR =0.03; AIC=77367.84; BIC=78134.12). Concurrent validity
could therefore be established for overall study characteristics and
partially for the specific factors.

For predictive validity, SDRS’s general and specific factors at Time
1 were first regressed on Study Engagement at Time 2. The model
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showed adequate fit (%165 =600.68; df=276; CFI=0.97; TLI=0.96;
RMSEA =0.03 [0.026, 0.032] p=1.00; SRMR =0.03; AIC=95832.03;
BIC=96661.74). Again, only Overall Study Characteristics (f=0.47;
S.E=0.04; p<0.05) and Growth Opportunities (f=0.35; S.E=0.05;
p<0.05) at Time 1 were associated with Study Engagement at Time 2.

Predictive validity was further explored by determining the
relationship between SDRS’s general and specific factors at Time 1 and
Task Performance at Time 2. This model showed good fit
(Piss = 622.20; df=227; CF1=0.96; TLI=0.94; RMSEA =0.04 [0.032,
0.038] p=1.00; SRMR=0.03; AIC=87839.97; BIC=288627.67). The
results showed that Overall Study Characteristics (#=0.39; S.E=0.04;
p<0.05), Growth Opportunities (f=0.13; S.E=0.05; p<0.05), Peer
Support (f=0.11; SE=0.04; p<0.05), Lecturer Support (f=0.10;
S.E=0.05; p<0.05), and Workload at Time 1 (f=—0.11; SE=0.04;
p<0.05) were associated with Task Performance at Time 2. Here, the
overall SDRS model at Time 1 explained 35% of the overall variance
in Engagement at Time 2 and 21% of the variance in Task Performance
at Time 2. Predictive validity could therefore be established for overall
study characteristics and partially for the specific factors.

Discussion

The study aimed to assess the psychometric properties of the
SDRS in a cross-national student population. Specifically, it aimed to
examine the longitudinal factorial validity, internal consistency, and
temporal invariance of the SDRS and its criterion validity through its
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TABLE 10 Factor loadings and internal consistencies of the Bifactor ESEM model at Time 2.

Bifactor ESEM Model Time 2

Sfactor Sfactor: GrOWth Sfactor: Peer Sfactor: sfactor: Info
Workload Opportunities Support Lecturer Availability
Support
S.E. A S.E. A S.E. A S.E. A S.E.
SDR_1 -0.12  0.00 0.72 0.02 -0.02 0.00 0.07 0.00 0.08 0.01 0.02 0.00 045
SDR_2 —-0.02 003 0.70 0.02 -0.05 0.03 0.05 0.03 0.05 0.04 0.07 0.03 0.50
Workload SDR_3 0.02 0.03 0.73 0.02 0.08 0.03 0.03 0.03 0.08 0.04 0.08 0.04 045
SDR_4 0.21 0.04 0.69 0.02 0.04 0.04 -0.06 | 0.03 0.00 0.05 -0.02 0.06 0.48
SDR_5 0.10 0.04 0.69 0.02 0.06 0.04 —-0.01 = 003  —0.06  0.05 —0.01 0.06 051
SDR_7 0.49 0.03 0.09 0.03 0.40 0.03 0.05 003 | —0.03 004 0.02 0.04 0.59
Growth SDR_9 0.61 0.01 —0.01 0.00 0.50 0.03 0.03 0.00 0.07 0.01 0.06 0.00 0.37
Opportunities  SDR_10 0.61 002 | —005 | 003 0.46 0.03 0.07 003 | —0.03 004 0.03 0.04 041
SDR_11 0.62 0.02 0.05 0.03 0.38 0.03 0.03 0.03 0.03 0.03 0.02 0.03 047
SDR_12 0.31 002 = -007  0.02 0.06 0.02 0.82 0.02 0.07 0.03 0.03 0.03 0.22
Peer Support SDR_13 0.34 0.01 0.00 0.00 0.03 0.00 0.81 0.01 0.02 000 = —0.01 0.00 0.22
SDR_14 0.52 0.03 0.01 0.03 0.00 0.04 0.48 003 | -016 004 = —0.1 0.05 0.47
SDR_15 0.63 0.03 0.01 0.02 —0.04 0.03 0.02 0.03 0.47 0.04 0.06 0.04 037
Lecturer
support SDR_16 0.76 0.03 0.06 0.03 -0.16 0.05 -0.08 | 0.03 0.18 0.05 -0.13 0.07 0.34
SDR_20 0.59 0.01 —0.04  0.00 0.04 0.00 0.05 0.00 0.45 0.04 0.22 0.01 0.39
SDR_21 0.68 002 | —0.02 | 002 -0.03 0.03 —-0.03 | 002 | —0.03 004 0.39 0.04 0.38
Information SDR_22 0.68 0.01 —0.09 | 001 0.07 0.00 —0.03 | 0.00 0.05 0.01 0.43 0.03 0.34
Availability SDR_19 0.61 002  —005  0.02 0.12 0.03 0.02 0.03 0.10 0.04 0.33 0.05 0.50
SDR_23 0.65 0.01 0.09 0.01 —0.09 0.00 0.02 0.00 0.07 0.01 0.29 0.02 0.48
Omega 0.82 0.83 0.80 0.84 0.75 0.79

Grueon general factor; Spon specific factor; Bold, significant p <0.01; 8, item uniqueness.

association with study engagement and task performance over time.
The study estimated and compared various CFA and ESEM models to
evaluate the factorial validity of the SDRS. A bifactor ESEM model
with one general factor (overall study characteristics) and five specific
factors (one study demand and four study resources) best fitted the
data, showed strong measurement invariance over time and was
reliable at different time points. Latent mean comparisons showed that
experiences associated with overall study characteristics decreased
over time, whereby perceptions of lecturer support and information
availability increased. The study further established criterion validity
for the overall study characteristics factor through its concurrent and
predictive associations with study engagement and task performance.
However, the specific factors’ concurrent and predictive capacity could
only partially be established when controlling for the general study
characteristics factor.

The psychometric properties of the SDRS

The results showed that none of the traditional first- or second-
order CFA- and less restrictive ESEM models fitted the data adequately
at both time points consecutively. There was initial support for both a
bifactor CFA- and bifactor ESEM model with one general factor for
overall study characteristics and five specific factors related to
workload, growth opportunities, lecturer support, peer support, and
information availability at each time point separately.

Frontiers in Education

However, both longitudinal factor analysis and longitudinal
measure invariance could only be established for the less restrictive
bifactor ESEM model. Considering the longitudinal factorial validity,
the less restrictive bifactor ESEM model with one general and five
specific factors not only fitted the data better than its CFA counterpart,
but also provided better indicators of measurement quality. The
bifactor ESEM model ignores the hierarchical function of study
characteristics through the expression of a general factor and specific
factors with cross-loadings. From this perspective, there is some
shared variance between factors with each specific factor having
unique explanatory power, over and above that of the general study
characteristics factor. This implies that study characteristics are both
a function of, yet separate from, the dynamic interaction between
workload, growth opportunities, information availability, peer- and
lecturer support.

The results further imply that when allowing for cross-loadings
between items that are constrained to be as close to zero as possible, it
provides a more accurate representation of how study characteristics
and its components are experienced in real-world terms by
participants (Morin et al., 2020; van Zyl et al., 2022). Where traditional
CFA approaches view each element or factor of a psychometric
instrument in isolation from one another, ESEM allows for an
interaction between items on different factors (Van Zyl and Ten
Klooster, 2022). Therefore, the bifactor ESEM approach is more in line
with how study demands and resources were initially conceptualized
in the literature as a dynamic interaction between the design elements
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TABLE 11 Concurrent and predictive validity: study engagement.

10.3389/feduc.2024.1409099

Regression Path Standardized Validity
SE . established
Workload Time 1 Engagement Time 1 —0.05 0.04 -1.23 0.22 No
Growth Opportunities Time 1 Engagement Time 1 0.31 0.06 5.28 0.00 Yes
Peer Support Time 1 Engagement Time 1 0.06 0.04 1.56 0.12 No
Lecturer Support Time 1 Engagement Time 1 0.02 0.06 0.41 0.69 No
Information Availability Time 1 Engagement Time 1 —0.06 0.06 —0.91 0.36 No
Study Characteristics Time 1 Engagement Time 1 0.51 0.04 12.71 0.00 Yes
Concurrent
Workload Time 2 Engagement Time 2 —0.09 0.04 —2.48 0.01 Yes
Growth Opportunities Time 2 Engagement Time 2 0.43 0.05 8.66 0.00 Yes
Peer Support Time 2 Engagement Time 2 0.06 0.03 1.66 0.10 No
Lecturer Support Time 2 Engagement Time 2 —0.04 0.06 —0.75 0.45 No
Information Availability Time 2 Engagement Time 2 —0.01 0.05 —0.21 0.83 No
Study Characteristics Time 2 Engagement Time 2 0.55 0.04 13.39 0.00 Yes
Workload Time 1 Engagement Time 2 —0.03 0.04 —0.75 0.45 No
Growth Opportunities Time 1 Engagement Time 2 0.35 0.05 6.80 0.00 Yes
Peer Support Time 1 Engagement Time 2 0.07 0.03 1.93 0.06 No
Predictive
Lecturer Support Time 1 Engagement Time 2 0.01 0.05 0.25 0.80 No
Information Availability Time 1 Engagement Time 2 —0.02 0.07 —-0.28 0.78 No
Study Characteristics Time 1 Engagement Time 2 0.47 0.04 11.53 0.00 Yes

TABLE 12 Concurrent and predictive validity: task performance.

Regression Path

Standardized

S.E t-value

Validity
established

Workload Time 1 Task Performance Time 1 —-0.07 0.04 —-1.59 0.11 No
Growth Opportunities Time 1 Task Performance Time 1 0.13 0.06 242 0.02 Yes
Peer Support Time 1 Task Performance Time 1 0.14 0.03 4.34 0.00 Yes
Lecturer Support Time 1 Task Performance Time 1 0.18 0.04 4.19 0.00 Yes
Information Availability Time 1 Task Performance Time 1 0.01 0.05 0.07 0.94 No
Study Characteristics Time 1 Task Performance Time 1 0.51 0.04 13.96 0.00 Yes
Concurrent
Workload Time 2 Task Performance Time 2 —-0.13 0.04 —3.45 0.00 Yes
Growth Opportunities Time 2 Task Performance Time 2 0.08 0.05 1.63 0.10 No
Peer Support Time 2 Task Performance Time 2 0.10 0.03 2.90 0.00 Yes
Lecturer Support Time 2 Task Performance Time 2 0.22 0.05 4.40 0.00 Yes
Information Availability Time 2 Task Performance Time 2 0.03 0.06 0.60 0.55 No
Study Characteristics Time 2 Task Performance Time 2 0.54 0.04 15.33 0.00 Yes
Workload Time 1 Task Performance Time 2 —0.11 0.04 -2.75 0.01 Yes
Growth Opportunities Time 1 Task Performance Time 2 0.13 0.05 2.61 0.01 Yes
Peer Support Time 1 Task Performance Time 2 0.11 0.04 2.85 0.00 Yes
Predictive
Lecturer Support Time 1 Task Performance Time 2 0.10 0.05 2.03 0.04 Yes
Information Availability Time 1 Task Performance Time 2 0.02 0.05 0.36 0.72 No
Study Characteristics Time 1 Task Performance Time 2 0.39 0.04 10.32 0.00 Yes

(demands/resources) of a given course/program. This dynamic  traditional CFA approaches where factor loadings on non-target

interaction (where perceptions of one factor may influence that of ~ factors are constrained to be zero (van Zyl et al.,, 2022). Further, the
another) cannot be accurately captured or modelled through  ESEM approach compensates not only for the wording effects which

Frontiers in Education 16 frontiersin.org


https://doi.org/10.3389/feduc.2024.1409099
https://www.frontiersin.org/journals/education
https://www.frontiersin.org

van Zyl et al.

may occur with certain items within cross-national studies, but also
for the differences in the physical design of different courses at the
different institutions (Morin et al., 2020; van Zyl et al., 2022).
Further, both the general and specific factors of the bifactor ESEM
model showed acceptable levels of upper-bound reliably over time, with
McDonald’s Omegas exceeding thresholds (@ >0.70; Hayes and Coultts,
2020). This is in line with other findings that showed the SDRS to be a
reliable measure in South Africa (Mokgele and Rothmann, 2014), and
Netherlands (Van Zyl, 2021; van Zyl et al., 2022). Taken together, the
results support the notion that the bifactor ESEM approach is a viable
factor analytical strategy when measuring study characteristics in cross-
national samples at the beginning and end of a course/semester.

Longitudinal measurement invariance and
latent mean comparisons

When considering the temporal stability or the factorial
equivalence of the bifactor ESEM model over time, the results
provided support for configural, metric, and scalar invariance. This
implies that both the general or “overall study characteristics” factor,
as well as the five specific factors (with cross loadings permitted but
constrained to be close to zero), are measured equally and consistently
across time. The SDRS thus showed similar factor structures, factor
loadings, intercepts and error variances at both time points. The data,
therefore, shows support for the instrument’s temporal stability, which
implies that latent mean differences indicate actual temporal changes
in the factors over time and not changes in the meaning of constructs
(Wang and Wang, 2020). Therefore, meaningful comparisons across
time can be made with the instrument (Wang and Wang, 2020).

In this study, latent mean comparisons between the general and
specific factors showed that only perceptions of overall study
characteristics, lecturer support, and information availability changed
over time. Students’ perceptions of the overall study characteristics
(the balance between study demands and resources decreased)
decreased throughout their course. It is important to note that
perceptions of the balance between study demands and resources
naturally fluctuate throughout a course/semester (Cheng, 2020). Study
demands are deemed to be low, and perceptions of available resources
are high at the onset of a course (Cheng, 2020). As the course
progresses, study demands naturally increase, and the perceptive
availability of study resources fluctuates significantly (Basson and
Rothmann, 2019; Mtshweni, 2019). The decrease in study
characteristics implies that students may have perceived a slight
imbalance between their resources, high workloads, time pressures,
and other study demands (Lesener et al., 2020). Further, the results
showed that lecturer support and information availability increased
over time. This implies that students perceived more guidance,
feedback, encouragement, and support from their lecturers over the
duration of the course and that they perceived to have access to the
necessary information they required to complete study-related tasks.

Criterion validity: study characteristics,
study engagement, and task performance

The final objective of the study was to investigate the concurrent
and predictive validity of the SDRS through its associations with study
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engagement and task performance at different time points. The results
showed that concurrent and predictive validity could be established for
overall study characteristics, but only partially for the specific factors.

In respect of concurrent validity, positive relationships between
growth opportunities and study characteristics and study engagement
were found at both Time 1 and Time 2. This is broadly in line with
previous research (Mokgele and Rothmann, 2014; Lesener et al., 2020;
Van Zyl, 2021; van Zyl et al., 2022). The results suggest that when
students perceive that their studies provide them with opportunities
to grow and develop, that they are more likely to engage in and with
study-related content (Lesener et al., 2020). The finding also aligns
with Self-Determination Theory which posits that when individuals
perceive their need for growth and development to be met, they
engage in (study-related) activities with greater enthusiasm and
persistence (Ryan and Deci, 2000). Similarly, the positive relationship
between overall study characteristics and study engagement can also
be explained through the Cognitive Load Theory (Sweller, 2011). This
theory suggests that when students perceive a balance between their
demands and resources, and when their studies challenge them, they
are more likely to engage with their study material, resulting in deeper
learning and higher performance. Students who perceive an overall
balance between their study demands/resources are more likely to
be deeply engrossed in their studies (Lesener et al., 2020).

Similarly, study characteristics, peer support, and lecturer support
were positively associated with task performance at both time points. The
results imply that when students perceive a balance between their overall
study demands/resources, and when they have access to supportive
social resources such as peer and lecturer support, they may be more
confident and motivated to complete study-related tasks successfully.
Similar relationships have been found in previous research. For example,
Wang and Eccles (2012) found that academic support (incl. Peer and
lecturer support) increased the motivation and academic performance
of students. Overall, this finding suggests that providing students with
access to appropriate and supportive social resources, and designing
courses that balance their overall demands and resources, can
be beneficial for improving their performance in academic-related tasks.

Interestingly, workload was not associated with neither study
engagement nor task performance at the onset of the course, but
showed a statistically significant negative relationship between these
factors at the end of the course. At the start of a course or semester,
students may not yet have a complete understanding of the course
content nor a realistic expectation of the workload, making it difficult
to accurately assess the required workload (Van Zyl et al., 2021a,b). In
other words, students may not perceive the workload of a given course
as too heavy or too light at the onset; therefore, it may not significantly
impact their current level of study engagement or performance in
academic-related tasks (Lesener et al., 2020). However, as courses
progress, students may begin to experience increased levels of study-
related pressure or stress due to a higher workload, which could
decrease their levels of study engagement and task performance
towards the end of the semester (Schaufeli et al., 2006). This may
explain why there is a statistically significant negative relationship
between workload and these factors at the end of the course.

There were no statistically significant relationships between
resources such as peer support, lecturer support, and information
availability and study engagement at both time points. This is in contrast
to expectations and previous research. One possibility is that students
may not be aware of or perceive the availability of peer or lecturer
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support or information as important for their engagement at the
beginning or end of a course. Other factors such as personal motivation,
interest in the subject matter, required course, and perceived importance
of the course in their overall study program may have a more substantial
influence on their engagement (Christenson et al., 2012). It is also
possible that the non-significant relationship was due to the presence of
certain contextual factors or the nature of the sample. Given that this is
a cross-national study, different student populations and educational
settings may have different perceptions of and need for study support
and resources. This difference may influence the strength and direction
of the relationships (Christenson et al., 2012).

Further, no association between growth opportunities and
information availability and task performance was found at both
time points. At the beginning of a course or semester, students may
not have had the opportunity to fully understand or engage with
the learning outcomes or course material and may thus not know
what information they may require to understand and perform
(Christenson et al., 2012). They may also not be aware as to available
growth opportunities which a course or programme may provide
at its onset. Similarly, at the end of a course/semester, it is possible
that students may have developed established study routines and
thus adapted to the demands of the course. This implies that
resources such as growth opportunities and information availability
may have less of an impact on their performance over time.

In terms of predictive validity, the association between study
characteristics at Time 1 and study engagement and task performance
at Time 2 was estimated. The results showed a positive relationship
between growth opportunities and study characteristics at the beginning
of a course/semester, with study engagement at the end. This implies that
if students perceive a balance between their study demands and
resources, they are more likely to be engaged with their studies
throughout the course. Further, when they perceive that a course will
provide personal/professional development opportunities, they are more
likely to immerse themselves emotionally, physically, and cognitively in
the course content throughout the duration of the semester.

Further, at Time 1, growth opportunities, peer support, lecturer
support, and overall study characteristics were positively and workload
negatively associated with task performance at Time 2. This suggests that
students who perceived a balance between their overall study demands/
resources and who had specific growth opportunities, peer support, and
lecturer support at the beginning of the course/semester were likelier to
perform well in their academic-related tasks later in the semester. The
results also showed that workload at the beginning of a course/semester
was negatively associated with performance on academic tasks later in the
semester. These findings corroborate those of Lesener et al. (2019) and
Mokgele and Rothmann (2014). In contrast, information availability at
the beginning of the course showed no relationship with task performance
at the end. This may be because the relevance or importance of the
information at the beginning of the course may not be well understood
by students, and thus have little impact on their performance towards the
end. In other words, students may not recognize the importance of certain
topics or concepts until they encounter study-related tasks or assessments
where this information is necessary or relevant. Students may also not
have had the opportunity to process, integrate, or apply the study material
with existing knowledge, thus making it difficult to recall or apply at a later
stage (Van Zyl et al, 2021a). Furthermore, the role of information
availability in predicting task performance may also be moderated by
other individual- (e.g., motivation, self-efficacy, the perceived value of the
tasks), university- (e.g., class structure, course content, first generation vs.
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non-first-generation students) or contextual factors (e.g., cultural
differences) not measured as part of this study (Lesener et al., 2020). Thus,
while information availability may be deemed a necessary condition for
completing academic tasks, it may not be sufficient to predict task
performance over time.

Limitations and recommendations

While this study provides valuable insights into the psychometric
properties, temporal stability, and criterion validity of the SDRS, several
limitations must be considered. These limitations provide opportunities
for future research. First, although a relatively large cross-national
sample was obtained, the majority of the participants were from the
European education system which may have skewed results. The
educational systems within the USA, Hong Kong, and India differ from
those in Europe. At the European level, there is strategic alignment on
educational units, learning outcomes, and educational strategies,
making the students from European universities within this sample
rather homogenous. Differences in educational design, tuition
methods, available lecturers, and the like may significantly impact how
study characteristics are perceived. A more representative sample is
required for future research. Second, the majority of the participants
were relatively young (ages 18-23), presumably still busy with their
undergraduate training. Undergraduate and postgraduate students are
faced with different demands, whereby the latter may already have
developed various personal resources which may affect how study
demands and resources are perceived (Van Zyl et al., 2021a). Future
research should attempt to diversify the sample to include a balance
between post- and undergraduate students and the differences between
these two groups need to be investigated. Third, the SDRS may not have
been sensitive enough to capture the nuances of specific study
characteristics like peer support, lecturer support, and information
availability at the start of a new course. It is recommended that the
questions be formulated to measure the perceived importance of these
elements rather than the current experience of such in the moment
when the SDRS is used as a baseline measure. Fourth, while the overall
study characteristics factor was a strong predictor of study engagement
and task performance, the specific factors were found to have a limited
predictive capacity. Future research should employ other exogenous
factors such as stress or motivation as a means to explore the scale’s
criterion validity. Finally, Fifth, although measurement invariance was
demonstrated over time, the study only assessed reliability at two time
points. This may not be sufficient to fully establish the scale’s temporal
stability. Future research should aim to assess and compare reliability
on a weekly basis throughout the duration of a course/semester. Finally,
since the relationship between study characteristics, motivational
factors and performance outcomes are moderated by personal demands
(e.g., academic boredom) and personal resources (e.g., grit and
resilience), we suggest that future studies test and control for such in
order to have a more nuanced understanding of how study demands/
resources translate into important study related outcomes.

Conclusion and implications
Our results support the notion that overall study characteristics
should be seen and measured as a dynamic interaction between study

demands and resources rather than a hierarchical model where demands
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and resources are classified in isolation from one another. The findings
further showed that the SDRS is a valid and reliable measure of overall
study characteristics (demands/resources), and that it is associated with
study engagement and task performance cross-sectionally, and
longitudinally. However, the limited contribution of the specific factors
of the scale to the prediction of study engagement and task performance
should be taken into account when interpreting the results. The SDRS
can thus be a useful tool for educators interested in understanding the
factors associated with student success. Nevertheless, researchers should
show further caution when modelling data obtained by the SDRS
through traditional independent cluster modelling techniques, as
constraining cross-loadings to zero may lead to biased results. This
implies that the straightforward use of the SDRS as an instrument is
limited, and that manual scoring may be problematic/complex. In
contrast, ESEM modelling approaches may address the limitations of the
independent cluster modelling approaches by controlling- and
compensating for cross-national differences in the interpretation of the
SDRS’s items and for differences in educational environments in cross-
institutional studies. In conclusion, this contributes to research on the
psychometric properties and criterion validity of the SDRS, but more
research is needed to establish its practical usefulness and generalizability.
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