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Academic task performance (TP) refers to the proficiency with which students
perform in academic tasks through making the right choices and completing
core tasks central to their academic studies, on time and to specification.
We adapted Koopmans et al.'s task performance scale (TPS) for use within tertiary
education and investigated its psychometric properties, internal consistency and
measurement invariance across age, gender and national groups in university
students (n=3,265). The results showed that a hierarchical ESEM model with
one higher-order task performance factor consisting of time management
and task efficiency fitted the data best. The TPS exhibited full measurement
invariance across gender and age groups, implying that the latent mean scores
can be used to determine differences. However, invariance could only partially
be established for national cohorts, implying that cross-national comparisons
may not be possible. These findings offer preliminary support for the TPS as a
valid instrument for gauging students’ academic task performance.

KEYWORDS

academic success, task performance, measurement invariance, exploratory structural
equation modelling, confirmatory factor analysis, university students

Introduction

Academic success depends on students’ ability to perform core study-related tasks and
responsibilities (York et al., 2015). Research has shifted towards understanding the predictors
of academic success, focusing on the importance of students’ efficacy in engaging with and
performing these academic tasks (York et al., 2015). Academic task performance (TP) has
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recently emerged as an important antecedent of academic success
(van Zyl et al., 2022a). It refers to students’ proficiency to perform
well in academic-related tasks through making optimal choices in
their study process and taking the initiative to perform the most
important or core tasks of their academic programmes on time and
to specification (van Zyl et al., 2022a). TP is strongly associated with
academic throughput, objective measures of performance such as
grade point average or test scores and even future career success
(Locke and Latham, 2013). Therefore, understanding university
students’ TP can provide key insights into the mechanisms to
structure academic programmes, and can inform interventions to
enhance academic achievement. Valid and reliable measures of TP
are needed.

Very few empirically validated instruments exist to measure TP
within the higher educational environment (MacCann et al., 2009;
Cole et al,, 2022). Commonly used indicators of academic success like
grade point average, academic throughput or test scores, although
important, do not directly represent students’ proficiency in carrying
out fundamental study-related tasks or activities (York et al., 2015).
This leaves a substantial measurement gap in understanding the
academic task-related drivers of important educational outcomes.
With validated scales, university administrators could create more
nuanced profiles of students’ task execution, capabilities which could
help identify at-risk learners requiring more academic support
(Casillas et al., 2012).

In the absence of validated task performance scales, we draw upon
the management and organisational psychology literature for
direction. While generic job performance measures have limitations
in their transferability to educational environments, some workplace
measures show promise for assessing aspects of academic proficiency
(Lounsbury et al, 2003). In particular, scales assessing task
performance seem well-suited for adaptation to university contexts.
Like employees, students engage in parallel kinds of fundamental
“tasks” in their study programs like managing study time effectively,
planning assignments, prioritising competing tasks, and avoiding
distractions. Generic task performance scales may therefore have
some applicable to general academic contexts (Lounsbury et al., 2003).
Koopmans’s (2014) Individual Work Performance Questionnaire,
which includes a robustly validated task performance subscale offers
a foundation for a parallel measure for academic settings. From this
perspective, task performance is seen as a function of effectively
managing one’s time and the efficiency through which one executes
work-related tasks (Koopmans, 2014). These generic factors also apply
to students and study contexts (Kirillov et al., 2015). If validated, this
instrument can provide a reliable tool for evaluating task performance
in academic environments.

New and adapted psychometric scales should first show to
be factorially valid (Morin, 2023). Van Zyl and Ten Klooster (2022)
argue that to explore the factorial validity of instruments, both
classical confirmatory factor analytic (CFA) models and more
contemporary exploratory structural equation modelling (ESEM)
techniques should be applied and models compared. While CFA only
allows items to load onto pre-specified factors, ESEM incorporates
cross-loadings to reflect the interrelationships between factors which
is more in line with real-world behavioural phenomena (Van Zyl and
Ten Klooster, 2022). This flexible modelling approach better mirrors
the complexity of student task performance as compared to more
restrictive independent cluster CFAs.
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Further, for measurement instruments to make valid inferences
and fair comparisons, they must also exhibit measurement
invariance across different types of student subgroups (Putnick and
Bornstein, 2016). The scale should work similarly regardless of
student’s ages, genders or in which nation they study. However,
differences in developmental trajectories, socialisation, and roles
can shape perceptions and capabilities in task performance between
genders and age groups (Locke and Latham, 2013; Kirillov et al.,
2015). Younger students might see task performance differently
than older students who have been distanced from structured
education systems for a longer period (Locke and Latham, 2013).
Gendered social conditioning affects how students perceive effective
study methods (Locke and Latham, 2013). Further, cross-national
differences in educational systems may influence how task
performance is viewed and what function it plays within the design
of academic programmes (van Zyl et al, 2022b). Testing
measurement invariance is, therefore, vital to ensure that the scale
reliably captures the same underlying construct across demographic
(Morin, 2023). Without
measurement invariance, observed mean score differences might

segments and national cohorts
reflect item interpretation variations and not actual performance
discrepancies, risking bias and false conclusions on task

performance levels (Morin, 2023).

The current study

As such, this paper aims to investigate the psychometric
properties and measurement invariance of the Task Performance
sub-scale (TPS) of Koopmans et al’s (2012) Individual Work
Performance Scale across genders and age groups within higher
educational environments. Specifically, it explores the factorial
validity of the scale by comparing traditional independent cluster
modelling confirmatory factor analysis (ICM-CFA) with more
modern exploratory structural equation modelling (ESEM)
approaches. Additionally, it examines the measurement invariance of
the scale between genders, different age groups and national cohorts.
Furthermore, the study investigates the instrument’s measurement
quality and internal consistency. This study’s findings support the
TPS as a valid and reliable tool for measuring academic TP in
university contexts.

Methodology
Research design

A multi-national, cross-sectional survey-based research design
was employed to explore the psychometric properties and
measurement invariance of the academic TPS. Secondary data from
several cross-cultural student well-being projects was used for
this study.

Participants

The data used for this study were drawn from a large-scale cross-
national student well-being study. The original data were gathered by
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TABLE 1 Demographic characteristics of participants (N = 3,265).

Iltem Category Frequency Percentage
(%)
Gender Male 1,487 455
Female 1761 53.9
Other 7 0.2
Missing 10 0.3
Age (years) 18 to 20 years 557 17.1
21 to 30years 2,357 72.2
31 and older 342 10.4
Missing 9 0.3
Nationality European 1,689 51.7
African 336 10.3
Asian 530 16.2
American 275 8.4
Other 198 6.1
Missing 237 7.3

using a convenience sampling strategy, where invitations to participate
were sent to university students from to university students by email
from the collaborating universities based in the six following
countries: the Netherlands, France, Belgium, the United States, Hong
Kong, and India (c.f. Table 1). Participants were informed about the
aims of the study, as well as their rights and responsibilities.
Participation was voluntary. The survey was distributed through
Qualtrics." Data management procedures were in line with the
requirements of the General Data Protection Regulation (GDPR). The
majority of the 3,265 participants were 21 to 30-year-old (72.2%)
female students (53.9%), originating from a European country
(51.7%).

Measuring instruments

The Task Performance sub-scale of Koopmans et al’s (2012)
Individual Work Performance Scale was adapted for use within the
academic context to measure overall academic task performance.
Academic task performance was measured by seven items rated on a
six-point Likert scale ranging from 1 (“Never”) to 6 (“Always”), with
2 (“Seldom”), 3 (“Sometimes”), 4 (“Frequently”) and 5 (“Often”) in
between. The scale measures two components: Time Management
with four items (e.g., “I managed to plan my studies so that it was
done on time”) and Task Efficiency with three items (e.g., “I was able
to perform my academic work well with minimal time and effort”).
Scale instructions were altered to focus on the study context. The
scale produced acceptable levels of internal consistency in other
studies with McDonald’s Omega ranging between 0.84 and 0.86 (van
Zyl et al., 2022b).

1 www.qualtrics.com
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Statistical analysis

Data were treated as interval data (c.f. Wu and Leung, 2017) and
processed with JASP v. 0.15 (JASP, 2021) and Mplus v 8.6 (Muthén and
Muthén, 2021) through Structural Equation Modelling (SEM) with
the robust maximum likelihood (MLR) estimator. We used the MLR
estimator to address any slight or moderate assumptions in normality
of the Likert rating scale data (Li, 2016). The full maximum likelihood
estimation method (FIML) was used to manage missing data. FIML
uses all available information to estimate model parameters.
Descriptive statistics and Pearson correlations were computed to test
assumptions, and the results are presented in Appendix A.

First, a series of competing confirmatory factor analytical-(CFA)
and modern exploratory structural equation models (ESEM) were
estimated and subsequently compared through conventional
standards. The modelling for ESEM adhered to the protocols
established by Van Zyl and Ten Klooster (2022). Briefly, factors were
delineated according to their predetermined theoretical constructs,
and while some degree of cross-loading among items and unintended
factors was allowed, efforts were made to minimize this. Target
rotation techniques were utilized to this end. In the case of the bifactor
ESEM model, we defined a primary G-Factor to encapsulate overall
task performance, in addition to two subsidiary S-Factors (Time
Management and Task Efficiency). These S-Factors also had some
cross-loadings, which were again minimized. The Mplus code was
generated using the De Beer and Van Zyl (2019) ESEM code generator.
We identified the most appropriate measurement model for our data
by comparing different models, considering both the fit indices
established by Hu and Bentler (1999) and the overall quality
of measurement.

Models needed to show excellent (a) data-model fit (c.f. Table 2),
and (b) measurement quality (Factor loadings >0.40; p<0.01; item
uniqueness >0.10 but <0.90) to be retained for further analysis (Wang
and Wang, 2020). ESEM models were estimated and compared in line
with Van Zyl and Ten Klooster’s (2022) best practice guidelines and
the code generated via De Beer and Van Zyl's (2019) Mplus code
generator. ESEM models allow for cross-loadings between items and
non-target factors (but are constrained to be as close to zero as
possible; Morin, 2023). Bifactor CFA and ESEM models were also
estimated using the target rotation method, with orthogonal factors.
The G-Factor represented general task performance, while the
S-Factors reflected time management and efficiency factors. Target
rotation was employed for the ESEM models (Van Zyl and Ten
Klooster, 2022).

Second, the factorial equivalence or “measurement invariance” of
the scale across genders (males vs. females), age groups (18 to 20 years;
21 to 30years; 30years and older), and national cohorts (European,
African, Asian, American) was estimated. Age-groups were
determined according to potential differences in academic experiences
regarding task performance between undergraduate students (usually
aged 18 to 20 in the contexts of this study), post-graduate students (21
to 30), and above 30years old as these students may have specific
profiles, returning to academic settings after having worked or cared
for children.

A series of increasingly restrictive models were estimated and
compared to establish configural- (similar factor structure), metric-
(similar factor loadings), scalar- (similar intercepts), strict- (similar
residual variances), latent variance-covariances-(similar covariances),
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TABLE 2 Model fit statistics.

10.3389/feduc.2024.1281859

Fit indices Cut-off criterion Sensitive to N Penalty for model
complexity
Absolute fit indices
The lowest comparative value between measurement models
Chi-Square (32) Yes No
Non-significant Chi-Square (p>0.01)
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
Standardised root mean square residual
0.06 to 0.08 (marginally acceptable); 0.01 to 0.05 (excellent) Yes No
(SRMR)
Incremental fit indices
Comparative fit index (CFI) 0.90 to 0.95 (marginally acceptable fit); 0.96 to 0.99 (excellent) No No
Tucker-Lewis index (TLI) 0.90 to 0.95 (marginally acceptable fit); 0.96 to 0.99 (excellent) No Yes
Akaike information criterion (AIC) The lowest value in comparative measurement models Yes Yes
Bayes information criterion (BIC) The lowest value in comparative measurement models Yes Yes

Adapted from Van Zyl and Ten Klooster (2022) and based on Hu and Bentler (1999).

and latent means invariance (latent mean estimation). Invariance was
established by comparing these models based on the following criteria:
changes in RMSEA (A <0.015), SRMR (A <0.02), and CFI (A<0.01;
Morin, 2023). Differences in y* and TLI were not considered (but
reported for transparency) and TLI due to its sensitivity to sample size
and model complexity (Morin et al, 2020; Van Zyl and Ten
Klooster, 2022).

Finally, the standardised factor loadings and internal consistency
of the best-fitting measurement model, which demonstrated
invariance across groups, were reported. Internal consistency was
assessed using McDonald’s Omega (o >0.70; Hayes and Coultts, 2020).

Results

Confirmatory factor analysis: competing
measurement models

The factorial validity of the TPS was explored by estimating and
comparing eight competing CFA and ESEM measurement models (c.f.
Table 3; Appendices B,C). Measured items were treated as observed
indicators, no items were removed, and error terms were freely
estimated (but two items were permitted to correlate in Model 1).
Results found the Bifactor models (Model 4 and 7) fitted the data best,
however, both did not meet the measurement quality criteria as items
did not load significantly onto both the General and Specific factors
according to the expected pattern of loadings. These models were
therefore rejected. In contrast, the ESEM (Model 5) and its hierarchical
ESEM model equivalent (Model 6) had the next best met model fit
criteria (s =127.89 p>0.001; df=8; CFI=0.98; TLI=0.95
RMSEA=0.07 [0.058, 0.078]; SRMR=0.02; AIC=64544.95;
BIC=64709.407), and showed acceptable levels of measurement
quality (Factor loadings >0.40; p <0.01; item uniqueness >0.10 but
<0.90). While Models 5 and 6 have equivalent model fit criteria, Model
6, the Hierarchal ESEM Model, was retained for further analysis as it
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is based on more contemporary statistical analyses and best fitted the
original theoretical underpinnings of the Task Performance measure
as a higher order construct comprised of two factors (Time
Management and Task Efficiency; c.f. Figure 1).

Measurement invariance

The factorial equivalence of the scale across genders, age groups
and national cohorts was estimated. The results summarised in Table 4
showed that configural-, metric (A)-, scalar- (A, v), strict- (A, v, d),
latent variance-covariance- (A, v, §, &/@) and latent mean (A, v, §, &/,
1) invariance could be established for genders and age groups and only
partially for national cohorts. No significant differences in RMSEA
(A<0.015), SRMR (A <0.02), and CFI (A <0.01) between the different
models for ages and genders were found (Morin, 2023). However,
differences between metric and scalar models were present for
national cohorts, and thus invariance could only partially
be established. This implies the TPS measures task performance
consistently between genders/age groups and meaningful latent mean
comparisons can be made. However, caution should be applied when
attempting to make cross-national comparisons as there are
differences in how items are interpreted.

Item level parameter estimates and internal
consistency

The item level parameter estimates and internal consistency of the
H-ESEM Model of the TPS is summarised in Table 5. The results
showed that all items loaded statistically significantly onto their a
priori factorial model with standardised factor loadings ranging from
0.42 to 0.96. Results supported the reliability of the instrument with
McDonald’s Omega ranging from 0.77 to 0.84.
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TABLE 3 Competing measurement models.

1e12 A7 uea

uonesNp3 Ul S19uoI4

S0

610" uISIa1U0L

Model Type RMSEA AIC Meets Meets measurement
model fit quality criteria
criteria
Model 0 Unidimensional model 663.72 14 0.90 0.85 0.12 [0.112- 0.05 65281.40 65409.31 65342.59 No Yes
0.127]

Model 1 Adapted unidimensional 279.30 13 0.96 0.94 0.08 [0.071- 0.04 64755.88 64889.89 64819.98 Yes Yes
model (TP1 and TP2 0.087]
Correlated)

Model 2 Two first-order factor model 203.53 13 0.97 0.95 0.07 [0.059- 0.03 64647.88 64781.88 64711.98 Yes Yes
(time management & task 0.075]
efficiency)

Model 3 Second-order factor model 203.53 13 0.97 0.95 0.07 [0.059- 0.03 64647.88 64781.88 64711.98 Yes Yes
with one higher-order factor 0.075]
(task performance) and two
first-order factors (time
management & task efficiency)

Model 4 Bifactor model with one 42.24 7 1.00 0.98 0.04 [0.028- 0.01 64431.75 64602.29 64513.33 Yes No
general-(task performance) 0.051]
and two specific factors (time
management & task efficiency)

Model 5 ESEM model with two first- 127.89 8 0.98 0.95 0.07 [0.058- 0.02 64544.95 64709.41 64623.62 Yes Yes
order factors (time 0.078]
management & task efficiency)

Model 6 H-ESEM model with one 127.89 8 0.98 0.95 0.07 [0.058- 0.02 64544.95 64709.41 64623.62 Yes Yes
higher-order (task 0.078]
performance) and two first
order factors (time
management & task efficiency)

Model 7 Bifactor ESEM model with one 1.90 3 1.00 1.00 0.00 [0.000- 0.01 64391.74 64586.66 64484.98 Yes No
general-(task performance) 0.025]
and two specific factors (time
management & task efficiency)

%2 =Chi-square; df = degrees of freedom; TLI = Tucker-Lewis Index; CFI = comparative fit index; RMSEA =root mean square error of approximation [90%CI]; SRMR = standardised root mean square residual; AIC = Akaike information criterion; BIC = Bayes information
criterion; aBIC =adjusted bayes information criterion. Bold: non-significant p>0.01.
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Time
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FIGURE 1
Hierarchical ESEM model.

Discussion

This study provides preliminary evidence supporting the
reliability and factorial validity of the TPS for assessing students’
academic task performance. The results showed that a hierarchical
ESEM model with one overall task performance factor comprised of
a dynamic interaction between time management and task efficiency,
fitted the data best. This model is in line with Koopmans’s (2014)
original work, as task performance is both a function of, but also
sperate from, Time Management and Task Efficiency. There is an
overall factor associated with Task Performance which captures
performance, and two factors (time management and task efficiency)
which contribute to, but are also sperate from Task performance.
Therefore, in the present study we found support for the original idea
indicating a second order factor model.

The TPS exhibited full measurement invariance across gender
and age groups, which implies that the latent mean sores can
be used to determine differences between groups. However,
invariance could only partially be established for national cohorts

Frontiers in Education

implying that there are differences in how students from different
nations interpret items. Taken together, these results showed that
the TPS is a valid and reliable tool to measure academic
task performance.

The first objective of the study was to investigate the factorial
validity and internal consistency of the TPS. A hierarchical ESEM
solution emerged as the optimal factor structure, showing both
excellent data-model fit and measurement quality. This suggests
students’ task performance is a function of a dynamic interaction
between their time management skills and the efficiency through
which they complete academic tasks. It also indicates that facets of
academic task performance are interrelated, challenging the rigid
assumptions of orthogonal factors inherent in traditional CFA views
on performance (van der Vaart, 2021). This aligns with prior research
underscoring the benefits of ESEM for modelling multidimensional
human behaviours compared to strict CFA techniques (Marsh et al.,
2014). The TPS also exhibited good internal consistency, making it a
reliable tool for evaluating students’ time management, task efficiency,
and overall task performance. Overall, the TPS demonstrated sound
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TABLE 4 Measurement invariance of the H-ESEM model.

RMSEA SRMR S-B S-B ACFI ATLI ARMSEA  ASRMR Meets
comparison scaled scaled invariance
Ay? Adf criteria
Gender
Configural [0.057,
1 134.43 16 0.98 0.96 0.07 0.03
invariance 0.078]
Metric (1) [0.046,
2 149.27 26 0.98 0.97 0.05 0.03 15.24 10 —0.001 0.015 —0.014 0.008 Yes
invariance 0.063]
Scalar (A, v) [0.047,
3 180.99 31 0.98 0.97 0.06 0.04 32.57 5 —0.004 —0.001 0.001 0.004 Yes
invariance 0.062]
Strict (A, v, [0.044,
4 199.54 38 0.98 0.97 0.05 0.05 20.19 7 —0.001 0.004 —0.004 0.009 Yes
8) invariance 0.058]
Latent
variance—
[0.043,
5 covariance 205.84 41 0.98 0.98 0.05 0.057] 0.05 4.92 3 —0.001 0.002 —0.001 0.005 Yes
.057
A v, 8, Elg)
invariance
Latent mean
[0.046,
6 v, 8, &g, 238.76 43 0.97 0.97 0.05 0.060] 0.06 36.30 2 —0.004 —0.004 0.003 0.005 Yes
1) invariance ’
Age categories
Configural [0.054,
1 132.49 24 0.98 0.96 0.07 0.02
invariance 0.075]
Metric (1) [0.041,
2 160.68 44 0.98 0.97 0.05 0.03 26.04 20 —0.001 0.015 —0.014 0.006 Yes
invariance 0.058]
Scalar (A, v) [0.041,
3 191.77 54 0.98 0.98 0.05 0.03 29.70 10 —0.003 0.001 —0.001 0.003 Yes
invariance 0.056]
Strict (A, v, [0.039,
4 220.65 68 0.98 0.98 0.05 0.05 30.87 14 —0.003 0.003 —0.003 0.015 Yes
8) invariance 0.052]
Latent
variance—
[0.037,
5 covariance 228.29 74 0.98 0.98 0.04 0.050] 0.05 6.17 6 0.000 0.002 —0.001 0.005 Yes
(%5, E/) '
invariance
(Continued)
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TABLE 4 (Continued)

RMSEA SRMR Model S-B ;! ARMSEA  ASRMR Meets
comparison scaled scaled invariance
Ay? Adf criteria
Latent mean
[0.038,
6 v, 8,8/, 247.14 78 0.97 0.98 0.04 0.051] 0.06 5 19.90 4 —0.002 —0.001 0.001 0.007 Yes
1)) invariance '
Nations categories
Configural [0.058,
1 147.333 32 0.98 0.96 0.07 0.03
invariance 0.080]
Metric (A) [0.045, Yes
2 198.819 62 0.98 0.97 0.05 0.04 1 50.22 30 —0.004 0.012 —0.015 0.011
invariance 0.062]
3 Scalar (A, v) 357.756 77 0.95 0.95 0.07 [0.062, 0.05 2 200.09 15 —0.024 —0.020 0.015 0.008 Yes
invariance 0.076]
4 Strict (A, v, 490.973 98 0.94 0.94 0.07 [0.066, 0.08 3 128.04 21 —0.018 —0.005 0.003 0.036 Yes
§) invariance 0.079]
5 Latent 571.05 107 0.92 0.94 0.08 [0.069, 0.14 4 86.76 9 —0.012 —0.005 0.003 0.056 Yes
variance— 0.081]
covariance
(1,8, E/¢)
invariance
6 Latent mean 599.163 113 0.92 0.94 0.08 [0.069, 0.13 5 28.36 6 —0.004 0.001 0.000 —0.007 Yes
v, 8, &/, 0.081]
1) invariance

%2 = Chi-square; df = degrees of freedom; TLI = Tucker-Lewis index; CFI = comparative fit index; RMSEA =root mean square error of approximation [90%CI]; SRMR = standardised root mean square residual; AIC = Akaike information criterion; BIC = Bayes information

criterion; aBIC =adjusted bayes information criterion. Bold: non-significant p>0.01; S-B = Satorra-Bentler.
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TABLE 5 Factor loadings and internal consistency of model 6: H-ESEM model with one higher-order (task performance) and two first order factors
(time management & task efficiency).

Iltem description Time management Task efficiency McDonald’s
Omega ®
A S.E. A S.E.
Time management I managed to plan my
academic work so that it 0.96 0.02 —0.10 0.00 0.21 0.82
was done on time
My planning was
P 8 0.83 0.06 —0.03 0.06 0.35
optimal.
I kept in mind the results
that I had to achieve in 0.46 0.04 0.27 0.04 0.52
my studies.
Task efficiency T was able to separate
main issues from side —0.04 0.00 0.82 0.01 0.38 0.76
issues during my studies.
I knew how to set the
0.08 0.05 0.76 0.04 0.32
right priorities.
T was able to perform my
academic work well with 0.05 0.05 0.60 0.05 0.60
minimal time and effort.
Collaboration with
others was very 0.03 0.05 0.42 0.05 0.80
productive.
Task performance 0.88 0.01 0.88 0.01 0.88

A =standardized factor loading; S.E. = standard error; Bold = significant target loadings >0.40 and p <0.01; 8 = Item uniqueness.

psychometric properties, aligning with Koopmans et al’s (2014)
workplace measure.

The second objective was determining the TPS’s factorial
equivalence across genders, age groups and national cohorts. The
results showed that full measurement invariance could be established
for genders/ages, suggesting that males and females, as well as younger
and older students, interpret the TPS’s items similarly. This implies
that the TPS can be used to compare scores on task performance
across these demographic segments. Latent mean scores and group
comparisons can be used as these reflect actual performance variations
in task performance rather than differences in how items are
understood (Putnick and Bornstein, 2016). However, only partial
invariance could be established across different national cohorts as
there are differences in how items are interpreted. This is not
surprising as different educational systems exists in different nations
and thus the value of time management and task efficiency may differ
(van Zyl et al., 2022b).

These results carry research and practical implications. The validated
TPS provides researchers with a valuable tool to explore factors driving
academic success. It enables nuanced performance profiling to identify
at-risk students requiring greater support. Educators can use it to assess
task competencies vital for student success in specific programs and
curricula (Burrus et al., 2013). However, further validation is needed to
enhance its practical application. Criterion-related evidence using
objective performance indicators like GPA or test scores could help
establish relationships with academic achievement. Test-retest reliability
assessments could also provide insights into the scale’s internal
consistency over time. Evaluating the TPS’s sensitivity to instructional
interventions represents another valuable direction.
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While this study offers valuable insights into the psychometric
properties of the TPS in academic contexts, it's important to
recognize its limitations. The research relied on a purposive
sampling strategy from six international universities, potentially
limiting the broader generalizability of the findings. The cross-
sectional design restricts causal inferences and the tracking of task
performance changes over time. The use of secondary data from
several cross-cultural student well-being projects might introduce
biases or inconsistencies, and the study’s sole reliance on self-
reported TPS data could be influenced by social desirability or
inaccurate self-assessments. Furthermore, drawing from workplace
measures might not fully encapsulate the unique nuances of
academic environments in the adapted TPS.
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