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RTICLE INFO ABSTRACT
Keywords: Technology-driven advancements ave made adaptive and interactive 1 arning techniques more
Online 1 arning accessible. Online courses increasingly integrate s 1f-tests  at offer automated and immediate

Technology-enhanced learning
Lifelong learning

Self-testing

Machine learning

feedback. Self-tests can help learners o identify knowledge gaps and to reinforce their r ntion
and comprehension. However, not all learners readily use s If-t ests, raising ~ question of which
factors may impact learners’ ngagement with self-tests. T  present study focused on non-formal
education, covering 45 online courses offered by Bavarian universities. Analyses were based on a
sample of N = 1261 participants a d 16-84 years. We used a machine learning approach o
predict learners’ ngagement with self-tests and o identify important influencing factors.
Therefore, we included 50 predictor variables in an lasticn r ression o xplore role of
learner- and course-related characteristics. T  predictor variables were drawn from s If-report,
process, and meta data. Overall, learners differed substantially in ir self-testing behavior. The
prediction model explained 11 % of the variance in 1 arners > engagement with self-tests. D spite

model’s modest xplanatory power, analysis identified potentially relevant predictors. The
two most important predictor variables were learner commitment and intention to obtain a
confirmation of participation. Accordingly, course designers mig implement extrinsic incenti-
ves—such as confirmations of participation—as a potentially useful strategy o ncourage
learners’ ngagement with self-tests. From a methodological p rspective, study ighlights
importance of using appropriate statistical m ods —such as machine learning algorithms— o
understand complex 1 arning behaviors.

1. Introduction

In age of digitalization, ducation is undergoing a rapid ransformation, offering new opportunities for lifelong learning
(Mozelius  al., 2024). Technology-enhanced learning facilitates access to formal, informal, and non-formal education across
lifespan (Jaldemark al., 2021). mong these, non-formal online courses nable learners o easily access organized learning mate-
rials, but without formal accreditation (Schwier & Seaton, 2013). T se courses typically lack xternal control, for xample by in-
structors or graded performance-based systems. T us, reater demands are placed on learners’ self-regulation skills (Kizilcec  al.,
2017), which include goal setting, strategy use, progress monitoring, and ime management (Zimmerman, 2002). In general, one
ffective larning chnique o autonomously monitor and regula learning process is ngagement with self-tests (i.e.,
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completing tests as a no-stakes practice and on one’s own; Dunlosky  al., 2013). However, although i is known at self-tests are
powerful ools o improve | arning performance in both formal and non-formal learning contexts (Rowland, 2014), not all learners
readily ngage in self-testing, as it might be seen as a tedious necessity (Dunlosky al., 2013). With ~ present s udy, we aim to better
understand which learners p rsist in ngaging with self-tests within non-formal online courses, which can be regarded as proto ypical
self-regulated learning nvironments.

1.1. Self-tests as ormative assessments in non-formal nline co rses

Self-tests are a form of formative assessment, which accompany  learning process and support 1 arning by providing immediat
feedback on correct solutions (.g., Dolin al., 2018; Wiliam & Black, 1996). Unfortunately, self-testing can be perceived
negatively, as many learners mistakenly quate self-tests with high-stakes summative assessments, which are often seen as tools for
judgment rather han learning (Dunlosky al., 2013), as summative assessments are used for purpose of rading or certification,
and are given mid-term or at end of a course (e.g., Bloom al., 1971; Dixson & Worrell, 2016). Consequently, learners shy away
from s If-testing asalarning chnique and nd touselss ffective 1arning techniques (e.g., passive review methods lik rereading
and ighlighting) at requirelss ime and effort, because ey misinterpret = mental ffort of self-testing as a sign of poor 1 arning
(Kirk-Johnson et al., 2019).

Learners’ perceptions of self-testing as an inefficient chnique stand in contrast o xtensive vidence d monstrating its robust
effectiveness in promoting long-term retention across numerous studies in formal learning contexts (e.g., Adesope  al., 2017; Yang

al., 2021). Importantly, comparable effects of self-testing ave also been observed in non-formal learning environments, indicating
at its effectiveness is not confined to institutional settings (Rowland, 2014). Tests do not only assess knowledge to identify which
course content has or as not been understood, but they also directly nhance | arning by initiating retrieval processes when learners
are aking tests (i.e., testing effect; Karpicke, 2017). T refore, benefits of sting for learning are manifold (Roediger al., 2011).
For xample, sting identifies gaps in knowledge, improves transfer of knowledge to new contexts, and triggers active retrieval which
fosters later retention.

Despite these well-documented benefits, self-tests may also entail unintended negative side effects, such as false memory ffec s.
Especially in case of r cognition tests (e.g., multiple-choice sts, rue/false statements, matching xercises), corr ct answer is
presented along with distractors at provide wrong statements or rroneous information. This might ultimately lead o  acquisition
of false knowledge (Marsh  al., 2007) if learners m morize wrong answer. This so-called negative uggestion effect (Roediger &
Karpicke, 2006) can be diminished by providing corrective feedback (Kang al., 2007).1 might be ven liminated if learners r ceive

feedback promptly after aking st (Roediger & Karpicke, 2006), provided at they learn from feedback and understand

principles underlying ir rrors. Therefore, it is not only important for learners o receive immediate feedback, butalso o interact
with the feedback o correct their rrors o overcome potential negative effects of sting (i.e., cognitive ngagement).

In neral, learning ngagement is commonly conceptualized across ree interrelated dimensions: affective, behavioral, and
cognitive ngagement (Bond  al., 2020). Affective engagement includes aspects like interest and a positive attitude towards learning,
behavioral engagement ncompasses participation and involvement in larning activities, and cognitive engagement involves
self-regulation and investment in learning (Appleton  al., 2008; Fredricks  al., 2004). Our 1 arning behavior of interest, ngagement
with self-tests, goes beyond learners participating in learning process by aking self-tests (i.e., behavioral ngagem nt; Fre-
dricks  al., 2004). Larners must not only participate in self-tests, but rather invest sustained ffort in using self-testing as a
self-regulated learning chnique over ime o achieve mastery of learning material (Lawson & Lawson, 2013).

1.2. Who engages with self-tests and under what c nditions?

substantial body of r search has already examined whether  effectiveness of sting as alarning chnique is moderated by
interindividual differences, concluding at sting is beneficial for all learners irrespective of, for xample, p rsonality raits or
working memory capacity (Bertilsson  al., 2021), cognitive ability (Jonsson  al., 2021), a  (Pastotter & Bauml, 2019), and
motivational or motional dispositions (Glaser & Richter, 2023). part from learner characteristics, sting has proven ffec ive across
different learning environments (Rivers, 2021)—including content areas, education levels ( garwal et al., 2021), and study s ings
(Adesope al., 2017). Together, se findings underscore robustness of s If-te sting as a l arning chnique at benefits a wide
range of learners across diverse contexts.

However, to benefit from sting effect, learners must first ngage in self-testing. Accordingly, our focus is not on valua ing
whether ngaging with self-tests improves course performance, but rather on xamining whether learners utilize self-tests as al arning

chnique at all, including persistence in interacting with corrective feedback until ests are answered correctly as a proxy for
cognitive ngagement.In  contextof  presents udy, key question is ow learners can be ncouraged o adopt self-testing as a
learning chnique by identifying relevant predictors for ngagement with self-tests. Given ongoing debate about which
learners ngage in self-testing, a comprehensive approach at considers both learner and course characteristics, along with multiple
data sources, is ssential ( Carpenter, 2023).

In  process of self-regulated learning, learners are free to c oose to use s If-testing asalarning chnique (Pintrich, 2000). Prior
research assown at this c oice is associated with various learner characteristics, including socio-demographic factors, cognitive,
and non-cognitive aspects ( .g., Bertilsson al., 2024; Fellman al., 2020). In particular, motivation plays a central role: learners who
are more motivated o ngage in learning activities are also more likely to use self-tests (Bertilsson  al., 2024), mphasizing
importance of context-specific motivational factors for nga ment with self-tests. Beyond motivation, | arners ’ interest in
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learning ask (Zepeda  al.,, 2020) and ir ability o mploy slf-regulation strategies o maintain ffort r ulation owards
self-testing (De Bruin  al., 2023) are further prerequisites for continued engagement. Moreover, | arning behavior and ngagement
levels are influenced by initial reasons for nrolling in a voluntary (online) course (Kizilcec & Schneider, 2015), which can also
impact adoption of s If-testing as alarning chnique. Ovrall, se findingssuggest at a variety of learner c aracte ristics are
associated with ngagement with self-tests, which is why joint investigation of all of aforementioned characteristics may
adequately depict complex interrelations.

In addition to learner characteristics, contextual aspects of ~ learning nvironment at influencelarners’ ngagement with self-
tests must also be considered (Zepeda  al., 2020). R search on sting ffect has primarily been conducted in formal learning
contexts (i.e., in classroom or in standardized laboratory xperiments; .g. Adesope al., 2017; Yang al., 2021). Consequently,

re is limited r search on effects of different learning contexts. Understanding impact of contextual variables like cours
characteristics becomes ven more crucial when investigating au ntic, real-life learning scenarios, specially since non-formal
online courses vary reatly in ir course design (Maya-Jariego al., 2020). For instance, course duration can influence
perceived workload and, in turn, 1 arners * sustained ngagement (Eriksson al., 2017; Goopio & Cheung, 2021), specially since such
courses are typically taken in participants’ leisure ime.

1.3. The present dy

Not all learners ake advantage of self-tests as a | arning opportunity (Carpenter  al., 2022). Especially in a non-formal online
learning context, learners ave o decide for mselves whether to invest ffort in voluntary option of s If-testing. Thus, i is
crucial ounderstand which learners are willing to commit to s If-testing and under which conditions hey p rsist until hey can answer

tests correctly. Accordingly, in present s udy, we aim to predict learners’ ngagement with self-tests in non-formal online
courses.

However, one’s willingness o ngage with self-tests potentially hinges on a variety of different factors. Drawing on conclusion
from ar cent review on ffective 1arning with retrieval practice (Carpenter al., 2022), we investigated learners’ ngagement with
self-tests a) within a real (online) learning scenario, b) based on a comprehensive dataset at simultaneously covers learner- and
course-related characteristics, and c¢) using multiple data sources. T reby we want o xplore potential factors at may impact
learners’ ngagement with self-tests, providing potential strategies o make self-testing more accessible to a broader range of learners.
As we draw on a large number of predictor variables, we use a machine learning approach o appropriately model xtent owich
learners ngage with self-tests as a learning chnique through out an online course.

ethods

Following common open science practices, all supplemental study materials (i.e., codebook, syntax, data, and supplemental figur s
and tables) are available online within the Open Science Framework (Center for Open Science, 2025): ps://osf.io/5za3d/ .

2.1. Design and participants

The present study was part of a larger r search project with a longitudinal design. For current analyses, we rely on cross-
sectional questionnaire data only, which was collected at first assessment (for more detailed information see Klose al.,
2024). T se datawere collected between October 2021 and April 2022 via an online survey implemented within 45 non-formal online
courses offered by German, particularly Bavarian, universities (OPEN v b; Virtuelle Hochschule Bayern, 2025). Data collection was
conducted in accordance with ical uidelines established by German Society for Online R search, declaration of Hel-
sinki,and = General Data Protection Regulation (GDPR). After course nrollment, alink o  survey was provided on first page,
allowing learners o participate voluntarily. Participants actively approved ir involvement by areeing o ake part, and ir
anonymity was fully uaranteed. Ethical approval was not r quir d under local | islation. Participants answered questions on
socio-demographic information, nrollment intentions (OLEI Scale; Kizilcec & Schneider, 2015), situational motivation (SIMS; Guay

al., 2000), situational interest (SIS; Linnenbrink-Garcia  al., 2010), and s If-regulation (LIST-K; Klingsieck, 2018). Table S1
provides a comprehensive overview of  survey content compilation, d ailing specific subscales utilized, any adaptations mad ,

number of items, and  response format. The online courses were available to anyone interested at no cost, following a s If-paced
format (i.e., nrollment at any time, with all course materials available from outset, and no set deadlines). Moreover, courses
were aught in German and covered a broad range of subjects, for xample social sciences and humanities, science, chnology, n-
gineering, and mathematics (STEM), alth science, and economics. Each course included self-testing opportunities at were required
for learners o receive a confirmation of participation, which could be downloaded at endof  course. However, this document is
no official certification or d ree but simply verifies attendance. The required percentage of correct st answers per course ranged
from 50 % to 100 % (M = 77 %; SD = 13 %). In addition, courses’ length varied with respect o stimated ime n ded o
complete course (range 9-60 ; M = 18.88; SD = 9.38), and its number of chapters (range 3-16; M = 7.49; SD = 2.75) and lessons
(range 11-143; M = 56.70; SD = 27.44).

The online survey resulted in a total of 1307 cases, of which 1126 (96.5 %) were includedin  final analyses and consisted of 1205
unique subjects (95.6 %; learners were allowed o participatein  survey for ach course they attended, so at multiple participation
in study was possible if they were enrolled in several courses). No sample-size-dependent stopping rule for data collection was
specified beforehand, as ~ planned analyses r quire comparatively large sample sizes for stable stimations. Using machine learning
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algorithms, issues of underpower are enerally more discussed han issues of overpower, since limited sample sizes are for example
problematic for pattern r cognition (Vabalas al., 2019). Generally, our current sample size falls within range of sample sizes
reported by studies using comparable methods (e.g., Greenwood  al., 2020; Wang  al., 2024). Table S2 displays detailed data
cleaning procedure and participant dropout at different stages due to missing data or validation checks. In final sample, 68.0 %
of  participants reported being female (30.9 % male, and 1.1 % non-binary or non-response). The averagea was 37.0 years (SD =
14.30, range 16-84 years), ncompassing all age groups from older adolescents o adults of retirementa (>65years;s Fig. S1 for

age distribution). The sample predominantly consists of individuals with academic backgrounds: 47.8 % had an university de ree,
34.1 % had a secondary school degree qualifying for university (i.e., academic-track: Gymnasium or Fach-/Berufsoberschule), 10.4 %
ad a middle secondary school degree (i.e., intermediate-track: Realschule), 2.6 % ad a lower scondary school degree (i.e.,
vocational-track: Hauptschule), and 5.1 % ad a different educational background (i.e., no degree, other school degree, still in school,
or non-response). In erms of current mployment status of sample, distribution was as follows: 58.1 % were mploy d,
23.6 % were school/university students, 4.3 % were apprentices, 5.0 % were retired and 9.0 % had a different mployment status (i.e.,
seeking employment, unemployed, or non-response). All participants were fluent in German. While our sample is not r presentativ of
a broader population, its socio-demographic composition is consistent with ose observed in other studies on non-formal duca tion in
Germany. In particular, participation often skews owards younger adults and individuals with higher levels of ducation (Kruppe &
Baumann, 2019). T  presence of older participants (ages 50-64 and above) also reflects broader trends in lifelong learning partic-
ipation (see Bilger & Strauf, 2022 for continuing education behavior in Germany). Table S3 provides descriptive information on
courses and participants separately by course o provide an overview over hierarchical data structure (i.e., learners nsted in
courses).

2.2. Measures

The present study followed an exploratory, data-driven, machine 1 arning approach (Yarkoni & Westfall, 2017) and refore
included a broad s of predictor variables across different daa ypes o maximize opportunity for detecting relevant pat rns
(Breiman, 2001). To predict learners’ ngagement with self-tests, ree types of data were considered: meta data at was coded from
openly available course information as course-related characteristics, as well as process data from online survey, and questionnaire
data (i.e., self-report scales from online survey) as learner-related characteristics. While not all predictors were derived from

ory, their inclusion was justified by their plausible relationship o dependent variable. Concerns such as multicollinearity or
overfitting were addressed by choice of appropriate statistical modeling chniques. Table S1 summarizes all 50 variables used as
predictors with a detailed description of ach variable including descriptive statistics. For categorical variables, = category of interest
is specified for dummy-coding. For ach subscale, Cronbach’s alpha is indicated as a m asure of internal consistency.

We operationalized learners’ ngagement with self-tests using percentage of correct st answers, d rived from log data
transmitted by Virtuelle Hochschule Bayern (vhb), provider of  non-formal online courses. This p rcentag reflects  correct
st answers recorded roughout course, regardlessof  frequency of 1 arners” st attempts (i.e., proportion of s If-tests at
learners answered correctly at least once). Consequently, learners with no correct st answers included ose who did not ak self-
st option at all, as well as ose who ook tests but answered incorrectly. Since se tests were designed as formative asses-
sments—characterized by no-stakes sting situations, immediate feedback on performance, and unlimited st attempts—we argue

at percentage of correct st answers serves as a proxy for  learners’ cognitive ngagement (i.e., investing ffort until a part of
mastery of | arning content is achieved). I does not, however, r flect actual course performance, as learners’ proficiency goes beyond
percentage of correct st answers (Abbakumov  al., 2020). Each course offered at least ree self-tests (M = 26; SD = 32; max. =
179), at were distributed roughout course oaccompany learning process. T tests covered a variety of formats, including
multiple-choice quizzes, matching asks, rue/false statements, and fill-in-the-blank exercises, all designed to capture course material
without requiring prior knowledge. While participationin  self-tests was voluntary, completion of a certain portion of s If-tests
was a requirement for confirmation of participation.

2.3. Statistical analyses

2.3.1. Score computation and missing data

We aggregated scales using mean scores for ach subscaleof  questionnaires. Where necessary, we recoded reversed items before
aggregation. Overall, amount of missing data for metric predictors was small, with a maximum missingness of 7.5 % per variable
and an average missingness of 2.9 % across all variables. Given his low level of missingness, we imputed missing values for m ric
predictors using  k-nearest neighbor algorithm, which is considered a robust and s nsitive method for missing value stimation for
data sets with less than 10 % missing ntries (Troyanskaya  al., 2001). 1l metric predictor variables were standardized before
entered in the machine learning models.

For categorical variables, we applied dummy coding to include hemin  analyses as dichotomous predictors using one category
of interest as specified in Table S1. Missing data was coded as 0 and refore rouped ogether wi all other categories and reated as
areference category. The amount of missing data for dichotomous predictors was slightly higher with an average missingness of 5.3 %.
The variables with largest proportion of missingness were nrollment intentions with a maximum missingness of 25.1 % for
statement “course offered by prestigious professor”. Out of 14 nrollment intentions, 12 fall below  rule-of-thumb limit of maximum
10 % missingness. We decided to include all dichotomous predictors in final analyses because we treated missing data same as
disagreement (i.e., treated as r ference category) since almost all missing data were due o the deliberate decision to c oose “no
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answer” option rather han dropping out of survey.

2.3.2. Elastic net regression

To predict ngagement with self-tests, we used lasticn regression—a statisticalm od at builds a prediction model while
automatically r ducing influence of less important variables. Elastic net regression is a s rinkage and variable selection method
(Zou & Hastie, 2005) which combines ridge regression (Hoerl & Kennard, 2000) and LASSO regression (i.e., least absolute shrinkage
and selection operator; Tibshirani, 1996) as forms of regularization to avoid overfitting. Since ridge regression cannot produce a
parsimonious model, and lasso r ression cannot andle correlatd predictor variables, lastic net regression creates a useful
compromise via regularization parameters A and o (Zou & Hastie, 2005): A controls overall strength of penalty applied o
model, and « determines  mix between ridge and lasso penalties (see Helwig, 2017 for more d ails). This combination allows lastic
net regression o andle correlated predictors by shrinking coefficients of correlated predictors owards ach other, and less important
coefficients towards O (ridge), while still achieving a sparse prediction model solution through variable selection (lasso) at same
ime (Friedman et al., 2010).

To nsure unbiased model valuation, we split full dataset into 80 % of courses for raining and 20 % of courses for
independent sting of  prediction model. Given ierarch ical s ructure of our data (i.e., learners nested in courses), we mployed
a blocked cross-validation approach (Roberts  al., 2017) to prevent bias in p rformance stimates (Pargent al., 2023). Conse-
quently, all observations belonging to one online course were assigned ither o raining set or st s (i.e., blocked r sam-
pling). The consideration of aforementioned multilevel structure in our analyses was supported by an intraclass correlation
coefficient (ICC) for a null multilevel model, as estimated ICC = .13 indicated variance between courses (arbitrary rule of umb
ICC >.05;s Hayes, 2006). Moreover, for model raining, we used en-fold cross-validation o stimate  prediction error by raining
and sting prediction model on different samples of data (Yarkoni & Westfall, 2017). We applied a une length of 21 o une
model with respect o regularization parameters A and o for  elastic net regression (Helwig, 2017), r sulting in 21 combinations
of A and «a to identify combination at best balanced model simplicity and accuracy. To obtain a stable and r liable prediction
model, and o quantify prediction accuracy, we repeated this procedure of cross-validation, raining, and sting 100 imes. To
valuate performance of models, we used xplained variance ( 2), Root Mean Squared Error (RMSE), and Mean Absolute
Error (MAE) as indices of model fit. To interpret ~ direction of ac predictor variable’s ffect onlearners’ ngagement with self-tests,
we report respective coefficients for he model with bes  uning parameter A.

2.3.3. Variable importance
Toanswer  questionas o which learner or course characteristics are more suitable for predicting learners’ ngagement with self-
sts, we calculated average variable importance for all predictor variables in st sample across all 100 iterations. T  values
range between 0 and 100, and reflect a transformation of the absolute weights in the linear regression (Gromping, 2009).

2.4. Sensitivity analyses

We conducted several sensitivity analyses o check robustness of our results by contrasting main model with modified
models which varied with respect to methodological approaches, and sample or predictor variable restrictions. For all sensitivity
analyses, we compared prediction accuracy and ten most important predictor variables o xamine whether re are differences
between models.

2.5. Statistical ware

All analyses were conducted using -version 4.4.1 (R Core Team, 2025). T  caret package version 6.0.94 (Kuhn, 2008) was used
for k-nearest neighbor imputation and as an interface for modeling and prediction. T  glmnet package version 4.1.8 (Friedman
al., 2010) was used for elastic net r ression.

3. Results
3.1. Descriptive atistics

The distribution of logged percentage of correct st answers (M = .39, SD = .42, range [0; 1]) is characterized by a s rong
ndency o xtremes (see Fig. 52).36.3%of  subjects did not answer a single st item correctly.' In contrast, 17.2% of ~ subjects
answered all st questions of a course correctly and us workd rough course completely. As s If-testing was linked or ceiving
a confirmation of participation, 403 learners (32.0 %) m hreshold required for this confirmation. mong se, enlarners
completed a course at required a perfect score (100 %). However, for courses with a lower hreshold, achieving confirmation of
participation did not discourage further self-testing, as 98.2 % of learners (386 out of 393) continued using self-tests even after meeting
requirement. Additionally, descriptive statistics and correlations for all scales are summarized in Table S4. correlation matrix of

! This includes participants at a) did not participate in s elf-tests, and b) at participated in self-tests but did not answer any questions
correctly.
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all 50 predictor variables is displayed in Table E1.

3.2. Elastic net regression

The means and standard deviations of ~ prediction accuracy ( 2) across 100 random splits of ~ total sample into raining and

st sets are displayed in Fig. 1. Overfit of resulting prediction model is indicated by a difference between raining and st s s.
Overall,  degree of overfitting was igh (A ?=.10),and 11 % of  variance in ngagement with self-tests could be xplained
by learner and course characteristics. To further valuate  prediction model, = average RMSE for  train set was .38 compared o
.40 for the st set, and average MAE for the train set was .33 compared to .35 for st s . The best uning parameters in our
elastic net regression were « = .19 and A = .03. Table S1 shows  coefficients for ach predictor variable for = model with  best

uning parameter A.

3.3. Important variables in predicting the engagement with elf- ests

Fig. 2 shows ten learner and course characteristics with largest average variable importance for predicting ngagement
with self-tests (see Table S1 for variable importance stimates of all predictor variables). In following, we will ive an overview
of major findings for ach data ype: First, most important variable for predicting ngagement with self-tests in erms of
process data was distinction whether a learner participated in our survey once within a single course or multiple imes wi in
different courses, which might be an indicator of overall commi ment or eneral | arning motivation. Second, in erms of self-report
data, learners’ enrollment intentions, particularly their intention to receive a confirmation of participation, are especially important
for predicting ir ngagement with self-tests, as they make up four out of ten of =~ most important variables, reby igh lighting

importance of underlying motivations and xternal incentives. Lastly, in erms of course c aracteristics, course ype (i.e.,
specific area of xpertise versus key qualifications/entry-level courses) is most important variable. However, course ype is not
consistently among the ten most important variables across sensitivity analyses.

3.4. Sensitivity analyses

Sensitivity analyses were conducted to check whether our findings remain consistent under adjustments o 1) methodological

0.4

0.3

R squared
o
n

og ©
%% o

0" 0

0.11

0.01

Train Test
Engagement with Self-Tests

Fig. 1. Accuracy predicting ngagement with self-tests based on learner and course characteristics. N = 1261. L ft side: T  boxplot r flects
interquartile range, solid line r presents median, and whiskers represent minimum/maximum values within 1.5 ime inter-
quartile range. Right side: Jittered point plot of all 100 values for average
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1 = Single participation vs. 0 = Repeated participation within different courses O

To earn a confirmation of participation (enrollment intention) L
Course type =~ ————@
Knowledge of German ~———@
Estimated course processing time _—
Number of lessons ~ ————@
For fun or challenge (enroliment intention) _—_—
For personal growth and enrichment (enrollment intention) ——
% of correct self-testing required for confirmation of participation —_—
For career change (enrollment intention) ~———@®

0 20 40 60 80 100
Variable Importance

Fig. . The ten predictor variables with largest average variable importance for predicting ngagement with self-tests.
approach, 2) sample composition, and 3) predictor variable selection. Table 1 compares prediction accuracy of our main mod-
l—an lasticn r ression of full analysis sample using blocked r sampling —with prediction accuracy of modified

models. Further, Table S5 summarizes comparison of  ten most important variables for prediction of | arners * ngagement
with self-tests across sensitivity analyses.

3.4.1. Prediction accuracy

First, we xamined impact of different methodological approaches. To valuate impact of r sampling approach, we con-
trasted our main model with an lasticn r ression at used simple balanced data splitting based on ~ outcome instead of blocked
resampling (model 1a), which neglects hierarchical sructur of  data. This approach xplained more variance and showed]1 ss
overfitting. In contrast, both, an ordinary multiple linear regression using blocked r sampling (model 1b), and a complete case analysis
as an alternative approach o andle missing data (Lee al., 2021; model 1c¢), xplained less variance and resulted in higher over-
fitting. While neglecting hierarchical s ructure of data might l ad to an overestimation of predictive power, KNN impu-
tation allowed us to retain more information compared to comple case analysis (N = 1261 vs. N = 731) and yielded plausible model
stimates. Overall, results support appropriateness of our methodological decisions r arding data splitting, model s lection,

Table 1
Sensitivity analyses for the lastic net regression of full analysis sample using blocked resampling.
Train s Test set ATrain-Test
NR 2 RMSE  MAE 2 RMSE MAE A % A MSE A MAE
ain  odel
Elastic Net Regression (Blocked R sampling) 1261 21 .38 .33 11 .40 .35 .10 .02 .02
1) ethodological Approaches
1a) Elastic Net Regression (Balanced Data Splitting) 1261 .21 .38 .33 .15 .40 .34 .06 .02 .01
A Main Model <.01 <.01 <.01 .04 <.01 -.01 —.04 <.01 —-.01
1b) Linear Regression (Blocked Resampling) 1261 .23 .37 .32 .09 .43 .35 .14 .06 .03
A Main Model .02 —-.01 —-.01 —-.02 .03 <.01 .04 .04 .01
1c) Complete Case Analysis 734 .22 .38 .34 .09 42 .36 .13 .04 .02
A Main Model .01 <.01 .01 —.02 .02 .01 .03 .02 <.01
2) Sample Restrictions
2a) Unique participation 1205 .20 .38 .33 .09 .40 .35 11 .02 .02
A Main Model -.01 <.01 <.01 —.02 <.01 <.01 .01 <.01 <.01
2b) least 1 st completed 803 .26 .33 .29 12 .39 .32 .14 .06 .03
A Main Model .05 —.05 —.04 .01 -.01 —.03 .04 .04 .01
2c¢) More tests completed han required for a cop 386 .28 .06 .04 .15 .07 .05 .13 .01 .01
A Main Model .07 -.32 —-.29 .04 -.33 -.30 .03 -.01 -.01
3) Predictor Variable Restriction
Without “intention to obtain a cop” 1261 .19 .38 .34 .09 41 .36 .10 .03 .02
A Main Model —.02 <.01 .01 —.02 .01 .01 <.01 .01 <.01

Note. ATrain-Test = Difference between rain and test set. RMSE = Root Mean Squared Error. MAE = Mean bsolute Error. O r As = Difference
between main model and modified model. “intention to obtain a cop” = “Intention to obtain a confirmation of participation”.
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and andling of missing data.

Second, we investigated  effects of different sample compositions by comparing elastic net regressions using blocked resampling
for the following subsamples: without cases of multiple participation from the same subject to control for data dependencies (model
2a), containing only l arners at ave completed at least one st o control for early course dropouts (model 2b), and comprising
learners who completed more sts than required for confirmation of participation (model 2c). Generally, all tested sample re-
strictions resulted in n ligible differences in prediction accuracy as compared o main model. The most noticeable, albei small,
difference was observed in subsample of learners who completed more ests than required for the confirmation of participation.

Third, we xamined impact of variable selection by removing predictor variable “Intention o arn a confirmation of
participation” from model (model 3) o control for potential masking ffec s, as completing self-tests were a prerequisite for
receiving a confirmation of participation. This also resulted in n ligible differences in prediction accuracy as compared o main
model. Taken ogether, subgroup analyses and removal of a potential masking predictor variable provided vidence for
robustness of our r sults.

3.4.2. Important predictors

Important variables for predicting learners’ ngagement with self-tests are rather similar across models xc pt for ose for
subsample of learners who completed more sts thanrequired for  confirmation of participation (model 2c; see Fig. S3). In this case,
other predictors were more important compared o ose from main model. However, resulting different patterns must be
interpreted with caution, since restriction o is highly selective and probably more omogenous subsample leads to s ver
variance restrictions. When omitting intention o arn a confirmation of participation as predictor variable, multiple course
participation remained by far most important variable and other important variables ardly differed from main model.
Hence, intention to earn a confirmation of participation did not seem to mask effects of the other predictors.

4. Discussion

The rise of online 1 arning opportunities is continuously reshaping  educational landscape, offering learners reater flexibility in
choosing when, where, and ow o learn (Cha & So, 2020). However, is increase in autonomy also raises demand for
self-regulation (Biwer al., 2021). Accordingly, learners must ake responsibility for their own 1 arning and make informed decisions
about which learning chniques o mploy (Rivers, 2021). S lf-testing can be seen as an ffective 1arning chnique (e.g., Carpenter,
2023; Dunlosky  al., 2013; Fiorella & Mayer, 2016). T sting not only allows learners o rack heir progress, bu also promotes active,
effortful processing at enhances comprehension and retention. This so-called sting ffect is achieved when 1 arners either confirm
their understanding by providing correct answers or learn from corrective feedback after making errors (Roediger & Karpicke, 2006).
However, while self-testing promotes learning rough intensive ngagement with learning material, it also makes | arning more
ffortful ( Bjork & Bjork, 2014). T refore, in a non-formal online learning nvironment —characterized by its autonomy and lack of
external incentives— mbracing the challenge of ngaging with self-tests until some degree of mastery is achieved seems crucial. To

is nd, we aimed to predict learners’ ngagement with self-tests in an authentic learning context. We focused on self-regulated
learning using percentage of correct st answers as a proxy for cognitive ngagement. To identify potential predictors, w
juxtaposed self-reported learner characteristics (e.g., demographic information, self-regulation, or nrollment intentions), process data
from online survey (e.g., indicators of repetitive r sponse patterns, number of missings within survey), and course charac-
teristics (e.g., length, content).

4.1. Predicting the engagement with self-tests in n n-formal nline courses

As xpected, not all learners ngaged with self-tests o same xtent. While a portion of learners (17.2 %) fully xploited all
available self-test opportunities, a considerable s are (36.3 %) did not answer a single st item correctly. The remaining 46.5 % of
learners varied in ir ngagement with self-tests, venly distributed between se wo extremes. This finding points to subs antial
individual differences in | arners > ngagement with self-tests in non-formal online courses, raisin question of which learner and
course characteristics might xplain this variability. To ackl this issue, we applied a machine learning approach o identify important
variables o predict ngagement with self-tests. Given  context of mpirical social science r search, predictive power of our
model was acceptable ( 2 = .11; Ozili, 2023), offering initial insights and capturing potentially importan predictors. However,
large proportion of unexplained variance ighlights complexity of predicting ngagement with self-tests. This is typical for
complex uman behavior within learning process, suggesting at re is substantial room for improvement and a need for
xploring other predictor variables. same ime, most important predictor variables of present study n d o be inter-
preted with caution iven the modest xplanatory power of the model.

Nevertheless, main r sult of our prediction model was accompanied by two major findings with respect o applied m od:
First, ven ough a 2of.1lison  lower ndof  spectrum for xplained variance, elastic net regression still outperforms an
ordinary multiple linear regression which justifies he application of the rather complex procedure and highlights the importance of
appropriate s atistical chniques when xamining complex phenomena such as learning behavior. Second, sensitivity analyses
mphasized importance of  implementation of  appropriate data splitting approach, as a non-observance of ierarc ical
data structure can quickly 1 ad to biased (i.e., overly-optimistic) prediction models. This is of particular importance in context of
educational research, as nested data structures are usually ~ case when s udying learners from different courses (e.g., students n sted
in classes, classes nested in schools, and schools nested in school districts; Dedrick  al., 2009).
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4.2. Important variables for predicting the engagement with self-tests

Across all main and sensitivity analyses, wo predictor variabls proved o be particularly important: (1) whether a 1 arner
participated in our survey once within a single course or multiple times within different courses, and (2) whether hey intendd o
nroll in order to receive a confirmation of participation. Firs t, participating in multiple courses might indicate that an individual is
motivated to learn and committed to the course. These individuals use not only multiple courses as | arning opportunities, but y
also participate in a study on the same opic multiple times, which might be an indicator for the general motivation to contribute to
research as well. This behavior appears to r flect a more serious ngagement with  course content overall—including self-tests.

This interpretation aligns with previous findings ighlighting importance of commitment for self-regulated learning in self-paced
onlinel arning environments (Kim al., 2021). dditionally, this finding demonstrates =~ usefulness of directly observable behavior
indicators rather an use of s If-reports to assess learning commitment. It ighlights potential of log data o gain more insight

into 1 arning behavior in general (e.g., Klose  al., 2022; Steger  al., 2021). From a practical perspective, fostering commitment o

course (.g., rough amification lements like badges; Hamari, 2017) might support l arners o ngage with self-tests as a
learning chnique (see Rahman al., 2018 for an overview of frequently used amification elements). Such elements can help create
a more motivating and interactive | arning nvironment at stimulates active participation and enhances potential | arning ou comes
(Saleem al., 2022).

Second, intention o nroll in order o receive a confirmation of participation was a strong predictor of ngagement with s If-
tests. In our study, successful participation in self-tests was n cessary o receive such confirmation. T refore, offered self-testing
opportunities at were intended o ave formative value were simultaneously used as a summative judgement of learner’s
achievement for course progress (Wiliam & Black, 1996). Interestingly, despite ranted autonomy within non-formal online
courses, xtrinsic incentives like a confirmation of participation motivate 1 arners o ngage with self-tests. Importantly, se in-
centives did not appear o undermine intrinsic motivation. Most learners continued o ngage with self-tests d spite r aching
required threshold for a confirmation. This finding is consistent with previous r search on non-formal online courses, suggestin  at
learners’ intention to arn a confirmation of participation is associated with more active course engagement, such as watching more
videos, participating in discussion forums, and, most importantly, aking more ests (Kizilcec & Schneider, 2015). Therefore, course
designers could consider offering a confirmation of participation as a way to promote ngagement with self-tests. Perhaps a mor
fine-grained incentive s ructure with intermediate 1 arning goals rough a badge system could 1ad to an even more pronounced
ngagement within course (Ortega-Arranz  al., 2019) and accordingly o an increase in ngagement with self-tests and
enhanced long-term retention and understanding by promoting deeper cognitive processing of the course material.

Apart from se two key predictors, it is particularly remarkable at nrollment intentions in general play a central role for
prediction of ngagement with self-tests. Across models, enrollment intentions consistently make up four out of en (or vn ight
out of 20) of  most important variables. This may reflect diversity of 1 arner goals within non-formal online courses (Moore &
Wang, 2021) at ave asrong influence on, for xample, course completion. Consequently, longer at learners keep up with
course reater likelihood of answering correctly ~ implemented sts. same ime, successful 1 arning within non-formal
online courses might not look same for all individuals (Henderikx  al., 2017): D pending on different nrollment intentions and
learning goals, individuals might nots k to complete a whole course or master a complete topic, but rather s k very specialized bits
of information. Accordingly, “finishing” a course might not be indicative of successful  arning behavior for all participants and other
learning behavior (such as aking only partsof  course or dropping out early) might be xpedient for some individuals (DeBoer al.,
2014). Therefore, future research should consider nrollment intentions of  learners as a potential explanatory variable wi in
non-formal online courses.

Moreover, regarding course c aracteristics, we found a consistent pattern of important predictor variables across differen
models: estimated course completion ime and  total number of lessons consistently contributed to predicting ngagement with
self-tests. Therefore, shorter courses seem o be positively linked olearners’ ngagement with self-tests. dditionally,  threshold for

percentage of correct self-tests required for a confirmation of participation appears to be a relevant factor in predicting ngage-
ment. This may also point to the usefulness of including extrinsic incentives in the design of non-formal online courses.

Finally, socio-demographic variables such as age or ender, did not predict ngagement with self-tests. This finding sugges s

at ability o mbrace c allenging learning techniques suc as ngaging with self-tests is accessible to a diverse range of | arners,
reinforcing inclusive potential of non-formal learning for lifelong learning (Werquin, 2010).

4.3. Limitations the present study and implications r future research

Inlight of  present results, a few limitations must be mentioned: First, since 89 % of  variance in 1 arners* ngagement with
self-tests remains unexplained, question arises as o which o r variables might be incrementally predictive. Our xamined
learner- and course-related characteristics seem not o be sufficient to map out ngaging with self-tests in non-formal online courses.
One big advantage of online | arning environments is possibility to automatically rack information on learning behavior via log
data from 1 arners’ interactions with online platform (Gasevi¢  al., 2016). Accordingly, both v ry general information on
behavioral | arning ngagement (such as number of logins, or ime spent on course platform), as well as more fine-grained in-
formation on which type of learning materials the course participants interact with (for example texts, videos, or discussion boards)

might be indicative for ngagement with self-tests (compare with You, 2016 for an overview of  usefulness of log data for
prediction of learning achievement).
Second, in addition o potential benefits of further sudies including log data retrieved from learning platforms, other
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established psychological constructs might also contribute o a deeper understanding of the engagement with self-tests as a learning

chnique. The individual perception of st context might also play an important role. For xample with respect o n agement
with self-tests, participants might be driven by performance goals (i.e., either motivated to d monstrate competence, or to avoid
showing incompetence) or mastery goals (i.e., seeing formative assessment as a part of learning process itself; Elliot & Mur-
ayama, 2008). Moreover, learners might associate self-tests with igh-stak es summative assessments as a means of valuating per-
formance instead of an effective l arning chnique ( Dunlosky t al., 2013). This misperception can rigger feelings of (test) anxiety
and stress leading to an increase in worry, self-doubt, and int rfering oughts (Weissgerber & Reinhard, 2018), as learners may
xperience pressure o perform well, or a fear of failure, as self-tests may xpose apsin ir knowledge. This potential negative
tendency in perception of ests is particularly important as learners at are at general risk for se types of learning-related fears
might benefit from less structured 1arning nvironments at ar usually less performance-oriented which might circumvent
negative effects (Bledsoe & Baskin, 2014). In summary, both investigation of log data as direct indicators of learning behavior, as
well as investigation of other learning-related psychological constructs might contribute further o our understanding of learners’
ngagement with self-tests and reby 1lp ducators o createlarning nvironments at are beneficial for a larger audience of
learners.

Third, future research might also investigate different operationalizations of cognitive ngagement with self-tests. T  percentage
of correct self-tests is only an approximation of such a complex phenomenon. For xample, log data used in present study
cannot distinguish between 1 arners at simply do not ngage much with course content in neral (and potentially drop ou
early), and learners at work rough course and only shy away from  actual ngagement with self-tests. This distinction might

Ip o ain more insight into specific characteristics at mig influence learners’ decision to accept xtra ffort at se
learning chniques entail. I remains uncertain to what xtent our findings can be neralized to other conceptualizations of learning
ngagement or different st conditions. Other log data—such as otal number of completed sts, or number of st
attempts—could provide deeper insights into | arners * behavioral ngagement with self-tests. T se information could Ip tomak
distinction more clearly between quantity of s If-testing (i.e., behavioral ngagement) and cognitive ffort learners put into
mastering se tests (i.e., cognitive ngagement). For instanc, total number of st attempts might reveal other patterns, as some
learners might answer correctly in a single attempt (e.g., due o prior knowledge), while others might make numerous attempts
without answering correctly, yet still participating in s If-te sting. In is xample, person with multiple st attempts would ave
shown greater behavioral ngagement but still not achieved cognitive ngagement.

Fourth, regarding  study design, another potential limitation is igh dropoutrateafter  initialsurvey.In  present study,
data from a subsequent second and third survey could not be considered in the present analysis, due to large proportions of missing
data for se measurement occasions. Especially since our surveys included many motivational variables at are very likely o be
related to study dropout, imputation of se variables seemed not a valid option (i.e., missing not a random; MNAR; Donders  al.,
2006) This goes along with ~ observation at our self-reportscalesat  first m asurement occasion did not show much variance, as
potentially at beginning of course all participants wer at least somewhat interested in course and motivated to s art
learning. However, with lack of variance in initial self-reports, se measures also failed o predict differences in
ngagement with self-tests roughout the course. While we additionally aimed o follow-up on participants who dropped out of
study by contacting participants at did not rspond o our r ularly scheduled surveys after 28 days, response rate o
follow-up was poor, with only 36 participants (of 1098 contacted individuals) responding. This points to the dilemma that although
research within r al-life based learning environments is demand d, se setups usually create considerably complex data due o
less controlled nvironment and more heterogeneous sample. On a more general stance,  increase of ecological validity of se data
comes with losses in internal validity since potential confounding variables or certain biases cannot be ruled out. Future study d signs
might xplore new approaches o gain more information, specially on ose participants at drop out over time, for xample by using
more ight-knit sampling designs in the tradition of cological momentary assessments (Shiffman  al., 2008).

Lastly, results of present study might be interpreted with caution, as all analyzed data stem from one specific 1 arnin
platform. Ithough courses varied in certain characteristics such as content and 1 ngth, hey m same quality standards in
terms of course design (e.g., developed by university professors, d livered via same platform interface). However, unobserved
confounders like course reputation, course subject, or p rceive d difficulty may ave influenced 1arners’ ngagement with self-tests
but were not captured by presented course characteristics. As not only participants but also online courses hemselves can
be very heterogeneous, for xample regarding structure or (pedagogical) design (Maya-Jariego  al., 2020), future research might
investigate structural differences between courses like course quality, presence of an instructor, ime dependent learning schedules, or
absence of a confirmation of participation on ngagement wit self-tests across different settings.  systematic investigation of
course characteristics seems also advisable, as our analyses indicated at hierarchical s ructure of data needs to b taken into
account— ighlighting that, despite our relatively omogeneous selection of courses, findings cannot be fully eneralized from one
course o another. Furthermore, courses also attracted a sp cific group of participants, r sulting in a sample at relies heavily on
learners with igher ducational backgrounds. Given at individuals’ ability to self-regulate heir 1 arning might be confounded
with their prior education, it is unclear to what extent results can be neralized o the general population.

5. Conclusion
In non-formal online courses, a considerable variability in the ngagement with self-tests among learners exists, highlighting
importance of learner commitment and extrinsic motivations such as confirmations of participation on this behavior. The applica ion

of machine learning models—despite ir moderate predictive power—revealed valuable insights and outperformed raditional

10



M. Klose et al. Computers  Education 242 (2026) 105507

analytical approaches. Taken ogether, our results underscored importance of appropriate analytical echniques for our und r-
standing of complex 1 arning behaviors. Our findings suggested potential practical implications for course designers, including
incorporation of confirmations of participation and more nuanced incentive s ructures o nhance ngagement with self-tests. Course
designers might also nsure at course 1 ngth remains manageable. Additionally, lack of influence from socio-demographic
variables on ngagement with self-tests reinforces inclusivity of non-formal learning environments, supporting their poten-
tial for lifelong learning across various life stages. Regardin theory on effectiveness of sting for learning, heoretical models
should ake into account at re might be entry barriers for1larners to accept se challenges, and at sting environment is
crucial because learnersn d o be committed o learning opportunity in  first place. Future r search should continue o xplore
additional predictors and rfine m ods o capture intricat dynamics of learner behavior, ultimately contributing o
development of more ffective and p rsonalized ducational xpe riences. In summary, this s udy enhances our heoretical under-
standing of 1 arners ’ self-regulation by s ifting focus from  effectiveness of s If-testing o question of who ngages with self-
tests in voluntary settings. Moreover, it offers practical uidance on designing online courses at could ncourage  wider use of self-

sting as a larning technique, such as implementation of extrinsic incentives like confirmations of participation. Overall,
study advances our understanding of 1 arner ngagement in non-formal online courses and provides concrete recommendations for
course d sign to ncourage use of slf-tests.
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