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The COVID-19 pandemic led schools and universities worldwide to rapidly shift from traditional, in-person
classes to synchronous online learning through webinar platforms such as Zoom, WebEx, and Microsoft
Teams. This meta-analysis examined 31 randomized controlled trials (RCTs) involving 3823 learners to better
understand how effective synchronous online programs are for supporting both affective outcomes (such as
attitudes, satisfaction, self-efficacy, and interest) and cognitive outcomes (including declarative knowledge and
procedural skills). Overall, the findings show that synchronous online learning is more effective than asyn-
chronous online and face-to-face education in improving both learners' affect and their learning performance.
The strongest positive effects of webinars appeared when they were compared to waitlist groups and asyn-
chronous courses, and when affective outcomes focused on learners' self-efficacy beliefs. The study also found a
significant link between affective and cognitive outcomes. Finally, we highlight practical implications for

instructional design and suggest directions for future research on webinar-based learning.

Educational relevance and implications statement

This meta-analysis explored if synchronous online learning in
webinars is more or less effective than other forms of education, such as
traditional face-to-face education or asynchronous learning in the digital
world. The findings of this study confirm that learners report higher
levels of knowledge and skills and higher levels of motivation, self-
efficacy, and interest when they participated in webinars compared to
other forms of education.

1. Introduction

The COVID-19 pandemic forced many educational institutions
around the world to change their mode of education from synchronous
face-to-face classes to synchronous online instruction using webinar
infrastructure from technical platforms such as Zoom, WebEx, or Teams.
This change was sudden, yet offered the chance to examine the effec-
tiveness of synchronous online learning environments (Gegenfurtner
et al., 2020; Munjal & Zutshi, 2020; Pachankis et al., 2022). As a result,
the number of studies grew considerably. Of course, synchronous online
learning is not a novel concept and many studies have tested and

explored its effectiveness long before the COVID-19 pandemic stopped
face-to-face education (for meta-analytic reviews, see Ebner & Gegen-
furtner, 2019; Gegenfurtner & Ebner, 2019), for example in the domains
of medical education (Alnabelsi et al., 2015; Constantine, 2012), mar-
keting education (Francescucci & Rohani, 2019), professional training
(Gegenfurtner et al., 2018), religious education (Olson & McCracken,
2015), teacher education (Amirova et al., 2023), and science education
(Prawestri et al., 2020).

Studies on the effective design of synchronous online learning often
compare learners' affective or cognitive outcomes from webinars with
other modes of education, particularly synchronous face-to-face edu-
cation and asynchronous online learning. For example, Kim (2024)
randomly assigned college students into synchronous face-to-face, syn-
chronous online, and asynchronous online conditions to train students'
juggling skills. Boekeloo et al. (2024) compared the effectiveness of
synchronous face-to-face and online training programs for therapists
working with lesbian, gay, bisexual, transgender, queer/questioning,
and other sexual and gender diverse (LGBTQ+) people. Some studies
also contrast affective and cognitive outcomes from learners in webinar
programs with learners from a waitlist who have not received any
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training (Hepburn et al., 2022; Iannotta et al., 2024; McMahon-Howard
& Reimers, 2013). The reported effect sizes vary significantly in size,
with some studies favoring synchronous online learning (Compen et al.,
2021; Rahmati et al., 2020) and other studies indicating that learning
and motivation are higher when learners participate in face-to-face or
asynchronous programs (Constantine, 2012; Kim, 2024).

Research on designing effective synchronous online learning often
consider affective and cognitive outcomes as indicators of program
effectiveness (Ebner & Gegenfurtner, 2019; Gegenfurtner et al., 2025).
Across studies, different measures are used to operationalize affective
and cognitive outcomes. First, affective outcomes can be approximated
as more favorable attitudes after training (Khadivzadeh et al., 2021), as
satisfaction reported on evaluation sheets (Calo et al., 2019), or as
higher levels of self-efficacy beliefs (Hohmann et al., 2023) and learning
motivation and interest (Alnabelsi et al., 2015; Francescucci & Rohani,
2019; Knogler et al., 2015; Laine et al., 2020). Second, cognitive out-
comes can measure declarative knowledge (Amirova et al., 2023; Pra-
westri et al., 2020) or procedural skills (Hepburn et al., 2022; Kim,
2024). While it seems intuitive to assume that affective and cognitive
outcomes are correlated because motivation is often considered a pre-
cursor of learning, Ebner and Gegenfurtner (2019) reported that
learning and satisfaction in webinars were negatively associated; it is
thus an interesting question to re-examine this correlation with a larger
meta-analytic database, including studies that emerged since the
COVID19-pandemic and accounting for the plethora of measures used to
examine different affective and cognitive outcomes.

Several conceptual frameworks and models offer theoretical reasons
as to how affective and cognitive processes interact in digital learning
environments (Baker et al., 2013; Gegenfurtner et al., 2021; Mayer,
2020). First, the cognitive-affective theory of learning with media
(CATML; Moreno & Mayer, 2007) holds that motivation and affect in-
fluence how learners select, organize, and integrate information in
working memory; in this theory, essential and generative processing of
information is high when learners' motivation is high. Second, the
cognitive-affective-social theory of learning in digital environments
(CASTLE; Schneider et al., 2022) assumes that social cues in the digital
material activate social schemata in long-term memory; these schemata
influence learners' motivation, emotion, and metacognition which, in
turn, support the cognitive processes of selecting, organizing, inte-
grating, and retrieving information in memory. Third, the attention,
relevance, confidence, and satisfaction (ARCS) model (Keller, 2010; Li &
Keller, 2018) argues that to promote deep learning, digital environments
need to include a motivational design that help learners believe they can
master the material (self-efficacy), fulfill their curiosity (interest), and
promote feelings of being an enjoyable and fair learning experience
(satisfaction). Fourth and finally, the community of inquiry (Col)
framework (Garrison, 2017) suggests that cognitive presence and
particularly the social presence of teachers and peers can fulfill the need
of relatedness, supporting deep learning and motivation in online en-
vironments (Adam et al., 2025; Kovanovic et al., 2015; Kreijns et al.,
2024; Martin et al., 2022). The first three theories CATML, CASTLE, and
ARCS are very useful to understand how affective and cognitive pro-
cesses are associated in synchronous online, asynchronous offline, and
face-to-face classroom learning; it is an interesting research question for
meta-analytic synthesis to examine if cognitive and affective variables
are similar or different across these learning modalities. The latter the-
ory Col (Garrison, 2017) is particularly prevalent in face-to-face and
synchronous online learning environments in which learners typically
have direct social interaction with peers and teachers; in contrast,
asynchronous online education does not always include social exchange
processes, but social cues can be incorporated there as well to stimulate
cognitive, affective, and social learning processes (Baker et al., 2013;
Gegenfurtner et al., 2021; Schneider et al., 2022). Still, because social
and teacher presence are a natural part of synchronous online and face-
to-face education, we can assume that cognitive and affective processes
in synchronous programs may be stronger compared to those in
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asynchronous programs. Without further empirical evidence, however,
the extent to which cognitive and affective processes differ across online
and offline learning remains unclear. Accordingly, a primary aim of this
meta-analytic synthesis is to elucidate how various instructional modes
elicit comparable (or different) demands on learners' cognitive and af-
fective processing.

When reflecting on previous research on synchronous online
learning, then (a) the heterogeneity in direction and size of favorable or
unfavorable effects, (b) the variety in control conditions to which syn-
chronous online learning is compared, and (c) the range of measures
used to operationalize cognitive and affective outcomes tend to blur
clear answers as to how effective webinars are. Furthermore, studies still
use small sample sizes per experimental condition, sometimes with
participant numbers smaller than ten or twelve per group (Munjal &
Zutshi, 2020; Olson & McCracken, 2015), which increases the likelihood
of bias induced by sampling error, even if participants are randomly
assigned to conditions. As a remedy to this reported heterogeneity in the
original studies, a meta-analysis can account for the artifactual variance
of sampling error and compare aggregated effect sizes in homogeneous
subgroups (Chernikova, Jansen, et al., 2024; Gegenfurtner & Kollar,
2025; Schmidt & Hunter, 2015). Such a meta-analytic comparison might
provide robust answers on the effects of webinars for learning and
motivation.

Consequently, this meta-analysis aimed to answer three research
questions. The first research question was: How effective is synchronous
online learning in promoting learners' affective outcomes? The second
question was: How effective is synchronous online learning in promot-
ing learners' cognitive outcomes? Finally, the third question was: To
what extent are affective and cognitive outcomes associated?

2. Methods

To answer these three research questions, (a) we performed a sys-
tematic search of relevant publications, (b) extracted and coded a
number of variables from the identified publications, and (c) meta-
analyzed the coded information with corrections for sampling error.
This section includes all details of our methods for search, coding, and
analysis.

2.1. Search

Table 1 shows a list of inclusion and exclusion criteria that we
applied for our search. To be included, a study had to randomize learners
in a synchronous online and a control condition and report an effect size
between conditions on cognitive and affective outcomes. Studies were
excluded if they assigned learners non-randomly to conditions or if they
reported affective outcomes only, cognitive outcomes only, or neither
affective nor cognitive outcomes. We also omitted studies if they used
only recoded webinars in the form of a video, not live webinars, and if
studies compared live webinars to other types of synchronous online
education, for example contrasting two instructional designs. To mini-
mize publication bias, we deliberately included all studies, independent
of publication type, publication language, age group, and educational
field. We used 01 January 2019 as the starting point of our search to
continue and update the meta-analysis of Ebner and Gegenfurtner
(2019), who ended their literature search in 31 December 2018. Using
these inclusion criteria, a total of twenty studies with 31 independent
data sources were identified and subsequently coded (Fig. 1).

2.2. Coding

Table 2 presents the coding scheme two trained raters used to code
information from the included studies. Each study was coded for pub-
lication, effect size, study, and learner characteristics. Effect size char-
acteristics included sample size information in the webinar and control
condition as well as Cohen's d and Hedges' g as standardized mean
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Table 1
Criteria for inclusion and exclusion in the meta-analytic review.
Criterion Inclusion Exclusion
Study design Randomized controlled trials Studies without randomization
Type of Traditional face-to-face Another synchronous online
control education, asynchronous learning condition
online education, no-training
waitlist condition
Measures Studies reporting affective and  Studies reporting affective

Effect size

cognitive outcomes

Studies reporting an effect size
and the sample size in both the
webinar and any control
groups

outcomes only, cognitive
outcomes only, or neither
affective nor cognitive
outcomes

Studies not reporting an effect
size or sample size information

Publication January 01, 2019 to September  Prior to 2019
date 01, 2024

Publication Original research, including Meta-analyses, trial
types journal articles and registrations

unpublished theses

Publication All languages -
language

Age group of All age groups -
learners

Educational All fields -
field

difference between conditions at immediate posttest. Study character-
istics included the type of control condition used (traditional face-to-
face, asynchronous online, waitlist), the type of the affective measure
(satisfaction, attitudes, self-efficacy, motivation / interest), and the type
of the cognitive measure (knowledge, skills). Operational definitions for
knowledge were: knowledge test scores and course grade; for skills:
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outcomes in a performance test. The affective measures were measured
with items in self-report questionnaires; their operational definitions
were for satisfaction: satisfaction, acceptability, enjoyment; for atti-
tudes: attitudes; for self-efficacy: self-efficacy, confidence; and for
motivation / interest: motivation, interest. Studies were coded as sepa-
rate reports when they reported multiple affective or cognitive mea-
sures. For example, when a study reported outcomes in form of a
knowledge test and in form of a procedural skills test, two effect sizes
were coded (e.g., Joshi et al., 2013; Pachankis et al., 2022); similarly,
when a study reported, for example, attitudes and self-efficacy, two ef-
fect sizes were coded (e.g., Boekeloo et al., 2024; Hohmann et al., 2023).
Finally, learner characteristics were coded as age (in years) and gender
(percentage of female learners) in the webinar and control conditions.

2.3. Analysis

Based on a random-effects model, the meta-analytic calculations
were performed following Schmidt and Hunter's (2015) recommenda-
tions for meta-analyses of experimental effects. We calculated Cohen's
d and Hedges' g based on the mean, standard deviation, and sometimes
standard error estimates reported in the included studies. When these
estimates were not reported, we converted F or p into Hedges' g using the
practical meta-analysis effect size calculator (Lipsey & Wilson, 2001;
Wilson, 2023). We then corrected Hedges' g for sampling error using
formulae provided by Schmidt and Hunter (2015) to get the corrected
Hedges' g.. Finally, we computed standard deviations and 95 % confi-
dence intervals of g.. These calculations were performed separately for
the affective and cognitive outcomes in our primary meta-analysis based
on the full data set of aggregated effect sizes. Because our analyses are
based on aggregated effect sizes, individual participant data cannot be
identified; hence, human subject approval from an institutional review
board was not required (Higgins et al., 2024). Following the primary

[ Previous studies ] [ Identification of new ies via datab and regists ] [ Identification of new studies via other methods
o)
= StUd,'es |nilusq§d '"f Records identified from:
2 previous V_ ';_)' no - ERIC (n=17) Records removed before Records identified from:
g || review(n=9 - PubMed (n = 237) screening: - Google Scholar (n = 200)
£ Reports of studi - Scopus (n = 215) Duplicate records removed - ResearchGate (n = 200)
S | | Reports of studies - Web of Science (n = 174) (n=257) - Citation search (n = 538)
< included in previous (Total: n = 643)
- review (n = 10) .
}
—
Records screened | Records excluded
(n = 386) (n=328)
! :
S Reports sought for retrieval »| Reports not retrieved Reports sought for retrieval | | Reports not retrieved
= (n=58) (n=0) (n=108) (n=0)
@
5 I ]
o
(7]
Reports assessed for eligibility _ | Reports excluded (n = 46): Reports assessed for |_,| Reports excluded (n = 106):
(n=58) »| - Non-empirical (n = 2) eligibility (n = 109) - Non-empirical (n = 19)
- No live webinar (n = 9) - No live webinar (n = 16)
- No randomization (n = 3) - No randomization (n = 5)
- Type of control (n = 8) - Type of control (n = 20)
- No affective outcome (n = 24) - No affective outcome (n = 46)
-
—
New studies included in review
(n=15)
Reports of new included studies
(n=21)
°
@
°
=]
: l
=
Total studies included in review
»| (n=20)
Reports of total included studies
(n=31)
-

Fig. 1. PRISMA 2020 flow diagram for updated systematic reviews which included searches of databases, registers and other sources.
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Table 2
Coding scheme.

Characteristics Main category Sub-category
Publication Author Last name of first author
characteristics
Publication Coded as year
year

Effect size estimates Sample size Sample size N in the webinar condition

Sample size N in the control condition

Cohen's d Cohen's d of the affective posttest
difference between conditions
Cohen's d of the cognitive posttest
difference between conditions

Hedges' g Hedges g of the affective posttest

difference between conditions

Hedges g of the cognitive posttest
difference between conditions

1 = Traditional face-to-face education
2 = Asynchronous online education

3 = No training / waitlist condition

Study characteristics Type of control

Affective 1 = Satisfaction

measure
2 = Attitudes
3 = Self-efficacy
4 = Motivation / interest

Cognitive 1 = knowledge

measure
2 = skills

Learner Age Mean age coded as years for learners in
characteristics the webinar condition

Mean age coded as years for learners in
the control condition

Gender Percentage of female learners in the

webinar condition
Percentage of female learners in the
control condition

meta-analysis of the aggregated data, we estimated the moderating ef-
fects of type of control and measure in theory-driven subgroup analyses
(Schmidt & Hunter, 2015) and examined the influence of affective on
cognitive outcomes using an unrestricted weighted least squares meta-
regression (Stanley & Doucouliagos, 2017). Publication bias was
analyzed visually and statistically using the Egger test (Egger et al.,
1997) on funnel plot asymmetry as recommended by Higgins et al.
(2024).

3. Results
3.1. Description of included studies

The twenty studies included in this meta-analysis offered a total of 31
independent data sources. Total sample size was 3823 learners with
1648 in the webinar condition and 1635 in the control condition, indi-
cating a relatively equal distribution of learners across conditions. Mean
sample size in all k = 31 reports was 105.9 (+131.2), with 53.2 (+63.3)
learners in the webinar condition and 52.7 (4+68.5) in the control con-
dition. These relatively small sample sizes tend to warrant meta-analytic
correction of effect sizes for the artifactual variance induced by sampling
error. On average, learners in the webinar condition were 35.5 (£13.3)
years old and learners in the control condition were 34.6 (+12.6) years
old. The percentage of female participants was 69.9 (+£16.6) in the
webinar and 68.5 (+10.4) in the control condition. Age and gender
differences between conditions were statistically non-significant and
thus excluded from further moderator analyses.

3.2. Publication bias for affective and cognitive outcomes

To estimate the presence of publication bias post-hoc in our meta-
analysis, we performed the Egger test (Egger et al., 1997). Results
signaled funnel plot asymmetry to be statistically non-significant, with
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= 0.53, SE =-1.17, p = .182 for the affective outcomes and = —0.51,
SE = -3.90, p = .279 for the cognitive outcomes. These analyses suggest
that publication bias was not an issue in our meta-analysis. In addition to
these post-hoc analyses, we aimed to minimize the presence of publi-
cation bias at the start of our systematic literature search by employing
deliberately wide inclusion criteria, for example with regard to publi-
cation type, publication language, and educational field (as detailed in
Table 1).

3.3. Affective and cognitive outcomes of webinar-based learning

The mean differences across the included studies varied greatly. For
affective outcomes, Hedges' g. ranged from —1.04 to +1.69. For cogni-
tive outcomes, Hedges' g. ranged from —0.54 to +4.27. This heteroge-
neity in effect sizes tends to warrant meta-analytic synthesis. Table 3
presents the psychometric properties of the primary meta-analysis. In
the table, the corrected Hedges' g coefficient is particularly interesting
because this effect size signals the extent to which webinars have posi-
tive or negative outcomes for learners. When interpreting g, Higgins
et al. (2024) propose to interpret values of 0.1 as trivial effects, values of
0.2 as small effects, values of 0.5 as medium effects, values of 0.8 as large
effects, and values of 1.3 as very large effects. Results of the primary
meta-analysis reported in Table 3 suggest that webinars are effective in
promoting affective and cognitive outcomes of learners. Compared to
control conditions, k = 31 reports with a total sample size of 3283
learners show a g. of 0.24 for affective outcomes, signaling a small
positive effect, and a g. of 0.50 for cognitive outcomes, signaling a
medium positive effect.

3.4. Subgroup analyses of affective and cognitive outcomes

These effect sizes represent aggregate estimates. More detailed sub-
group analyses can unveil the extent to which the type of the control
condition and different measures used to assess affective and cognitive
learner outcomes can moderate the findings. First, Table 4 shows af-
fective and cognitive outcomes of synchronous online learning
compared differentially to three control conditions: traditional face-to-
face learning, asynchronous online learning, and a no-training waitlist
condition. The results suggest that effect sizes did not differ significantly
for affective outcomes. For cognitive outcomes, Hedges' g. differed
significantly, F(2,28) = 4.04, p = .029, n2 = 0.22: Reports that compared
webinars to traditional face-to-face education showed lower positive
effects (g = 0.19) than did reports that compared webinars to asyn-
chronous online education (g, = 0.25) and waitlist conditions (g, =
1.16).

Second, Table 5 presents the results of the meta-analytic moderator
estimation for the measures used to assess learners' affective and
cognitive outcomes. Affective outcomes were measured as attitudes,
satisfaction, self-efficacy, and motivation / interest. Hedges' g, differed
significantly, F(3,27) = 3.93, p = .019, 1]2 = 0.31, with a trivial positive
effect for satisfaction (g, = 0.07), a medium positive effect for attitudes
(g = 0.40), and a medium to large positive effect for self-efficacy (g. =
0.66). Studies that measured affective outcomes as learners' motivation/
interest reported a small to medium negative effect (g. = —0.38).

Third, Table 6 shows the results of the meta-analytic subgroup

Table 3
Meta-analytic results of affective and cognitive outcomes of webinar-based
learning.

k N d g & SDyc 95 % CI
Affective outcomes 31 3283 0.25 0.24 0.24 0.24 0.23; 0.25
Cognitive outcomes 31 3283 0.50 0.50 0.49 0.25 0.48; 0.50

Note. k = number of reports, N = total sample size; d = Cohen's d; g = Hedges' g;
g = Hedges' g corrected for sampling error; SD,. = standard deviation of g;; 95 %
CI = 95 % confidence interval around g..
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Table 4
Meta-analytic results of affective and cognitive outcomes per type of control.

k N d g & SDg. 95 % CI Difference between subgroups

Affective outcomes F(2,28) = 2.29,p = .12, 1> = 0.14

Face-to-face 12 1339 —0.04 —0.04 —0.04 0.26 —0.05; —0.02

Asynchronous 10 1075 0.39 0.38 0.38 0.25 0.37; 0.40

Waitlist 9 869 0.46 0.46 0.46 0.22 0.44; 0.47
Cognitive outcomes F(2,28) = 4.04, p = .029, r|2 =0.22

Face-to-face 12 1339 0.20 0.19 0.19 0.26 0.17; 0.20

Asynchronous 10 1075 0.26 0.26 0.25 0.25 0.24; 0.27

Waitlist 9 869 1.19 1.17 1.16 0.24 1.15;1.18

Note. k = number of reports, N = total sample size; d = Cohen's d; g = Hedges' g; g. = Hedges' g corrected for sampling error; SD,. = standard deviation of g¢; 95 % CI =

95 % confidence interval around g..

Table 5
Meta-analytic results of affective and cognitive outcomes per measure.

k N d g g 8Dy 95 % CI Difference between dimensions

Affective outcomes F(3,27) = 3.93,p = .019, r|2 =0.31

Attitudes 9 645 0.41 0.41 0.40 0.24 0.38; 0.42

Satisfaction 11 774 0.07 0.07 0.07 0.28 0.05; 0.09

Self-efficacy 7 1016 0.67 0.66 0.66 0.20 0.65; 0.67

Motivation/interest 4 848 —0.40 —0.39 —0.38 0.23 —0.40; —0.37
Cognitive outcomes F(1,29) = 1.06, p = .312, 12 = 0.04

Knowledge 19 1969 0.64 0.63 0.63 0.26 0.62; 0.64

Skills 12 1314 0.28 0.28 0.28 0.24 0.26; 0.29

Note. k = number of reports, N = total sample size; d = Cohen's d; g = Hedges' g; g. = Hedges' g corrected for sampling error; SDg = standard deviation of g¢; 95 % CI =

95 % confidence interval around g,.

analyses when type of control and measures are used as combined 3.5. Associations between affective and cognitive outcomes

moderators. Differences between subgroups were statistically non-

significant for affective and cognitive outcomes. On a descriptive Two-tailed bivariate correlation analyses were performed to deter-
level, we can note a large heterogeneity in effect sizes and a number of mine the extent to which affective and cognitive learner outcomes were
small cell sizes, possibly biased by second-order sampling error, indi- associated. For the overall dataset (k = 31), the Pearson correlation
cating the need for more original empirical studies. coefficient between Hedges' g for the affective and Hedges' g. for the

cognitive outcomes was r = 0.48, p = .006. A sample-size weighted
regression analysis with affective g. as the independent and cognitive g,
as the dependent variable reached statistical significance, with a

Table 6
Meta-analytic results of affective and cognitive outcomes per type of control and measure.

k N d g & SDge 95 % CI Difference between dimensions
Affective outcomes
Attitudes F(2,6) = 0.01, p = .992, % = 0.00
Face-to-face 3 207 0.38 0.38 0.37 0.24 0.34; 0.41
Asynchronous 2 116 0.43 0.42 0.41 0.26 0.37; 0.46
Waitlist 4 322 0.43 0.42 0.42 0.24 0.39; 0.44
Satisfaction F(1,9) = 0.43, p = .527, 0> = 0.05
Face-to-face 6 338 —0.04 —0.04 —0.04 0.29 —0.07; —0.01
Asynchronous 5 436 0.21 0.21 0.21 0.26 0.18; 0.23
Waitlist - - - - - - -
Self-efficacy F(1,5) =1.37,p = .295, nz =0.22
Face-to-face - - - - - - -
Asynchronous 2 469 1.11 1.09 1.08 0.20 1.07;1.10
Waitlist 5 547 0.49 0.49 0.49 0.20 0.47; 0.50
Motivation/interest F(1,2) = 0.56, p = .533, n2 =0.22
Face-to-face 3 794 —0.45 —0.44 —-0.44 0.22 —0.45; —0.42
Asynchronous - - - - - - -
Waitlist - - - - - - -
Cognitive outcomes
Knowledge F(2,16) = 2.26, p = .137, 1% = 0.22
Face-to-face 7 1015 0.49 0.48 0.47 0.27 0.45; 0.49
Asynchronous 6 392 0.42 0.41 0.41 0.28 0.38; 0.44
Waitlist 6 562 1.05 1.04 1.03 0.23 1.01; 1.05
Skills F(2,9) = 1.92, p = .202, n*> = 0.30
Face-to-face 5 324 —-0.22 —-0.22 -0.21 0.26 —0.24; —-0.19
Asynchronous 4 683 0.02 0.02 0.02 0.20 0.01; 0.03
Waitlist 3 307 1.47 1.45 0.143 0.27 1.41;1.46

Note. Meta-analyses are not performed if k < 2. k = number of reports, N = total sample size; d = Cohen's d; g = Hedges' g; g. = Hedges' g corrected for sampling error;

8D, = standard deviation of g; 95 % CI = 95 % confidence interval around g..
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standardized p = 0.52, SE = 0.16, p = .003. These estimates tend to
signal significant associations between affective and cognitive conse-
quences in webinar-based learning.

4. Discussion

This meta-analysis examined the extent to which affective and
cognitive outcomes of learners differ in synchronous online, asynchro-
nous online, and face-to-face education. Such a comparison is timely
because studies on digital learning in webinars proliferate since the
COVID19-pandemic (Munjal & Zutshi, 2020; Pachankis et al., 2022) and
have been extensively studied even before (Constantine, 2012; Gegen-
furtner et al., 2018; Joshi et al., 2013; McMahon-Howard & Reimers,
2013). In light of our research questions, we can conclude that syn-
chronous online learning is more effective than control conditions in
promoting affective (g = 0.24) and cognitive (g, = 0.50) learner out-
comes. The positive effect of webinars was most pronounced when
compared to waitlist conditions and asynchronous education programs
and when affective outcomes were measured as self-efficacy beliefs. The
results reported here also suggest that affective and cognitive outcomes
were significantly associated (f = 0.52)—a finding that is particularly
interesting when compared to the findings reported in a previous meta-
analysis by Ebner and Gegenfurtner (2019) who reported a negative
association between learning and satisfaction. One reason for this dif-
ference could be the fact that their meta-analysis considered learner
satisfaction only, while the present meta-analysis included three more
affective measures. Another reason is the limited meta-analytic database
in their publication—five studies with ten independent data sour-
ces—might have led to second-order sampling error, which is less likely
to the present meta-analysis with triple the number of data sources.

The present meta-analysis was based on randomized controlled tri-
als, which is often considered the gold standard in terms of methodo-
logical rigor and can thus provide robust answers learning and
individual differences in digital learning (Chernikova, Jansen, et al.,
2024; Gegenfurtner & Kollar, 2025). Still, this meta-analysis is not
without limitations. One limitation is its focus on randomized trials; had
we also considered quasi-experimental work, then we might have had an
even larger meta-analytic database, but at the expense of producing
inflated effect sizes because randomized controlled trials have been
found to produce smaller and more conservative effects (Cheung &
Slavin, 2016; de Boer et al., 2014; Means et al., 2009; Salcher-Konrad
et al., 2024). Cheung and Slavin (2016, p.288) state that, if it is true that
quasi-experiments overstate effects, “this implies that mean effect sizes
from reviews that average randomized and quasi-experimental effect
sizes are likely to be reporting inflated mean effect sizes”. This evidence
motivated our meta-analysis to prioritize randomized controlled trials.
Future research may wish to engage in systematic comparisons of RCTs
and quasi-experimental work on webinar-based learning. A second
limitation is the examination of learner outcomes without considering
different instructional design features—such as breakout rooms, the use
of webcams, or quizzes (Gegenfurtner et al., 2025; Raes et al., 2020;
Wagner et al., 2021)—within the different synchronous and asynchro-
nous learning modalities. Furthermore, a number of different pedagog-
ical models can be applied to synchronous (and asynchronous; Testers
et al., 2020; Testers et al., 2024) online learning, such as flipped class-
rooms (Wagner et al., 2025), simulation-based learning (Chernikova,
Holzberger, et al., 2024), game-based learning (Siewiorek & Gegen-
furtner, 2010), and gamification (Schlag et al., 2025), among many
others. It is valid to assume that differences in the instructional design
can shape affective and cognitive (and social) processing (Garrison,
2017; Keller, 2010; Li & Keller, 2018), resulting in differences in effect
sizes. Such analyses were beyond the scope of the present meta-analysis.
Future work can engage in such exploration into how we can design
effective webinars to promote learning and motivation, including the
use of artificial intelligence (Jaldemark et al., 2025). A third limitation
concerns the correlation analysis of the affective and cognitive
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outcomes: it should be noted that these correlation values are an
aggregated meta-analytic correlation of standardized mean differences
because single correlation coefficients between affective and cognitive
outcomes are hardly reported in the included original studies.

In terms of theoretical implications, the meta-analytic evidence
seems to suggest that synchronous online learning tends to support
cognitive and affective processes more than other modes of instruction,
possibly due to its high levels of social and teacher presence (Adam
et al., 2025; Baker et al., 2013; Gegenfurtner et al., 2021; Kreijns et al.,
2024; Martin et al., 2022; Mayer, 2020), particularly compared to
asynchronous and waitlist conditions. This evidence tends to be in line
with the Col framework (Garrison, 2017). Future theory development
can focus on conceptual models specifically for synchronous online
learning environments to help understand how exactly social presence
and other pedagogical features of the instructional design and motiva-
tion design (Keller, 2010) promote motivation, affect, and learning.
Such a theory is currently missing and can be inspired by ample con-
ceptual considerations on affective, cognitive, and social processes in
digital education (Gegenfurtner et al., 2021; Hamalainen, 2025; Li &
Keller, 2018; Mayer, 2020; Moreno & Mayer, 2007; Schneider et al.,
2022).

In terms of educational implications, it seems safe to recommend
educators and educational policy makers to rely on synchronous online
learning modalities because the meta-analytic parameter estimates
favored webinars over face-to-face and asynchronous education. Of
course, it can be speculated that particular instructional design features
can further enhance (or even hamper) the benefits of webinars for
learning and motivation. Still, our findings reported here signal that
synchronous online learning has its place in the kaleidoscope of digital
learning scenarios across the diversity of domains and disciplinary
fields, including marketing, medical, professional, religious, science,
and teacher education (Alnabelsi et al., 2015; Amirova et al., 2023;
Francescucci & Rohani, 2019; Gegenfurtner et al., 2018; Olson &
McCracken, 2015; Prawestri et al., 2020). To conclude, synchronous
online instruction using webinar infrastructure from technical platforms
such as Zoom, WebEx, or Teams seems an effective intervention to
promote learning and motivation also now in post-pandemic education.

CRediT authorship contribution statement

Andreas Gegenfurtner: Writing — review & editing, Writing —
original draft, Validation, Supervision, Software, Resources, Project
administration, Methodology, Formal analysis, Data curation, Concep-
tualization. Aldin Alijagic: Writing — review & editing, Methodology,
Formal analysis, Data curation, Conceptualization. Sylvia Gabel:
Writing — review & editing, Conceptualization. Oziin Keskin: Writing —
review & editing, Conceptualization.

References’

Adam, M. S., Hamid, J. A., Khatibi, A., & Azam, S. F. (2025). The impact of community of
inquiry presences on student motivation in blended learning: A self-determination
theory perspective. Discover Education, 4, 186. https://doi.org/10.1007/s44217-025-
00612-5

*Alnabelsi, T., Al-Hussaini, A., & Owens, D. (2015). Comparison of traditional face-to-
face teaching with synchronous e-learning in otolaryngology emergencies teaching
to medical undergraduates: A randomised controlled trial. European Archives of Oto-
Rhino-Laryngology, 272, 759-763. https://doi.org/10.1007/500405-014-3326-6

*Amirova, A., Zhumabayeva, A., Zhunusbekova, A., Kalbergenova, S., Nygymanova, N.,
& Arenova, A. (2023). Effect of using hyflex technology learning on preservice
teachers’ success and attitudes. International Journal of Education in Mathematics,
Science, and Technology, 11(3), 623-642. https://doi.org/10.46328/ijemst.3309

Baker, M., Andriessen, J., & Jarvela, S. (2013). Affective learning together. Social and
emotional dimensions of collaborative learning. Routledge.

*Boekeloo, B., Fish, J., Turpin, R., Aparicio, E. M., Shin, R., Vigorito, M. A., ... King-
Marshall, E. (2024). LGBTQ+ cultural-competence training effectiveness: Mental
health organization and therapist survey outcome results from a pilot randomized

1 Studies preceded by an asterisk are included in the meta-analysis.


https://doi.org/10.1007/s44217-025-00612-5
https://doi.org/10.1007/s44217-025-00612-5
https://doi.org/10.1007/s00405-014-3326-6
https://doi.org/10.46328/ijemst.3309
http://refhub.elsevier.com/S1041-6080(25)00238-9/rf0020
http://refhub.elsevier.com/S1041-6080(25)00238-9/rf0020

A. Gegenfurtner et al.

controlled trial. Clinical Psychology & Psychotherapy, 31(1), Article e2893. https://
doi.org/10.1002/cpp.2893

de Boer, H., Donker, A. S., & van der Werf, M. P. C. (2014). Effects of the attributes of
educational interventions on students’ academic performance: A meta-analysis.
Review of Educational Research, 84(4), 509-545. https://doi.org/10.3102/
0034654314540006

*Calo, W. A., Gilkey, M. B., Leeman, J., Heisler-MacKinnon, J., Averette, C., Sanchez, S.,
... Brewer, N. T. (2019). Coaching primary care clinics for HPV vaccination quality
improvement: Comparing in-person and webinar implementation. Translational
Behavioral Medicine, 9(1), 23-31. https://doi.org/10.1093/tbm/iby008

Chernikova, O., Holzberger, D., Heitzmann, N., Stadler, M., Seidel, T., & Fischer, F.
(2024). Where salience goes beyond authenticity: A meta-analysis on simulation-
based learning in higher education. Zeitschrift fiir Paddagogische Psychologie, 38(1-2),
15-25. https://doi.org/10.1024,/1010-0652/a000357

Chernikova, O., Jansen, T., Sailer, M., & Greiff, S. (2024). Toward more robust and
integrative research on learning and individual differences: Systematic literature
reviews with and without meta-analysis. Learning and Individual Differences, 113,
Article 102468. https://doi.org/10.1016/].]lindif.2024.102468

Cheung, A. C., & Slavin, R. E. (2016). How methodological features affect effect sizes in
education. Educational Researcher, 45(5), 283-292. https://doi.org/10.3102/
0013189X16656

*Compen, B., De Witte, K., & Schelfhout, W. (2021). The impact of teacher engagement
in an interactive webinar series on the effectiveness of financial literacy education.
British Journal of Educational Technology, 52(1), 411-425. https://doi.org/10.1111/
bjet.13013

*Constantine, M. B. (2012). A study of individual learning styles and e-learning preferences
among community health aides/practitioners in rural Alaska. Unpublished doctoral
dissertation,. Cypress, CA: Trident University International.

Ebner, C., & Gegenfurtner, A. (2019). Learning and satisfaction in webinar, online, and
face-to-face instruction: A meta-analysis. Frontiers in Education, 4, 92. https://doi.
org/10.3389/feduc.2019.00092

Egger, M., Smith, G. D., Schneider, M., & Minder, C. (1997). Bias in meta-analysis
detected by a simple, graphical test. British Medical Journal, 315, 629-634. https://
doi.org/10.1136,/bmj.315.7109.629

*Francescucci, A., & Rohani, L. (2019). Exclusively synchronous online (VIRI) learning:
The impact on student performance and engagement outcomes. Journal of Marketing
Education, 41(1), 60-69. https://doi.org/10.1177/0273475318818864

Garrison, D. R. (2017). E-learning in the 21st century: A community of inquiry framework for
research and practice (3rd ed.). Routledge. https://doi.org/10.4324/9781315667263

Gegenfurtner, A., Bedenlier, S., Ebner, C., Keskin, O., & Handel, M. (2025). Designing
effective synchronous online learning. In A. Gegenfurtner, & I. Kollar (Eds.),
Designing effective digital learning environments (pp. 241-254). Routledge. https://doi.
org/10.4324/9781003386131-23.

Gegenfurtner, A., & Ebner, C. (2019). Webinars in higher education and professional
training: A meta-analysis and systematic review of randomized controlled trials.
Educational Research Review, 28, Article 100293. https://doi.org/10.1016/j.
edurev.2019.100293

Gegenfurtner, A., & Kollar, 1. (2025). Design of digital learning environments: Evidence
from meta-analyses. In A. Gegenfurtner, & I. Kollar (Eds.), Designing effective digital
learning environments (pp. 3-6). Routledge. https://doi.org/10.4324/
9781003386131-2.

Gegenfurtner, A., Narciss, S., Fryer, L., Jarveld, S., & Harackiewicz, J. (2021). Affective
learning in digital education. Frontiers in Psychology, 11, Article 630966. https://doi.
org/10.3389/fpsyg.2020.630966

Gegenfurtner, A., Schwab, N., & Ebner, C. (2018). “There’s no need to drive from A to B”:
Exploring the lived experience of students and lecturers with digital learning in
higher education. Bavarian Journal of Applied Sciences, 4, 310-322. https://doi.org/
10.25929/bjas.v4i1.50

Gegenfurtner, A., Zitt, A., & Ebner, C. (2020). Evaluating webinar-based training: A
mixed methods study on trainee reactions toward digital web conferencing.
International Journal of Training and Development, 24(1), 5-21. https://doi.org/
10.1111/ijtd.12167

Hamaldinen, R. (2025). Design of digital learning environments: Balancing theoretical,
methodological, empirical, and technological approaches. In A. Gegenfurtner, &

1. Kollar (Eds.), Designing effective digital learning environments (pp. 289-298).
Routledge. https://doi.org/10.4324/9781003386131-20.

*Hepburn, K., Nocera, J., Higgins, M., Epps, F., Brewster, G. S., Lindauer, A., ...
Griffiths, P. C. (2022). Results of a randomized trial testing the efficacy of Tele-
Savvy, an online synchronous/asynchronous psychoeducation program for family
caregivers of persons living with dementia. The Gerontologist, 62(4), 616-628.
https://doi.org/10.1093/geront/gnab029

Higgins, J. P. T., Thomas, J., Chandler, J., Cumpston, M., Li, T., Page, M. J., &

Welch, V. A. (2024). Cochrane handbook for systematic reviews of interventions (version
6.5, updated August 2024). Cochrane.

*Hohmann, L. A., Fox, B. L., Garza, K. B., Wang, C. H., Correia, C., Curran, G. M., &
Westrick, S. C. (2023). Impact of a multicomponent educational intervention on
community pharmacy-based naloxone services implementation: A pragmatic
randomized controlled trial. The Annals of Pharmacotherapy, 57(6), 677-695.
https://doi.org/10.1177/10600280221120405

*lannotta, G., Cannistra, M., & Agasisti, T. (2024). It's never too late to be financially
literate: Evaluating a financial education intervention for adults in Italy. Journal of
Consumer Affairs, 58(2), 397-431. https://doi.org/10.1111/joca.12592

Jaldemark, J., Lundin, J., Séljo, R., Edwards, J., Gegenfurtner, A., Holmes, W.,

Jarveld, S., de Laat, M., Lindberg, Y., Littlejohn, A., Seufert, S., Specht, M.,
Svensson, L., Rapanta, C., Hayes, S., & Zeivots, S. (2025). A multidisciplinary
research agenda for artificial intelligence, education, learning, and instruction.

Learning and Individual Differences 126 (2026) 102862

Postdigital Science and Education, 7(4), 1414-1450. https://doi.org/10.1007/s42438-
025-00602-8

*Joshi, P., Thukral, A., Joshi, M., Deorari, A. K., & Vatsa, M. (2013). Comparing the
effectiveness of webinars and participatory learning on essential newborn care
(ENBC) in the class room in terms of acquisition of knowledge and skills of student
nurses: A randomized controlled trial. Indian Journal of Pediatrics, 80, 168-170.
https://doi.org/10.1007/5s12098-012-0742-8

Keller, J. M. (2010). Motivational design for learning and performance: The ARCS model
approach. Springer. https://doi.org/10.1007/978-1-4419-1250-3

*Khadivzadeh, T., Rahmati, R., & Esmaily, H. (2021). Effect of education on knowledge
of fertility counseling and attitudes toward fertility control. Journal of Education
Health Promotion, 10, 319. https://doi.org/10.4103/jehp.jehp_76_21

*Kim, T. (2024). Learning motor skills online: A cluster randomized controlled trial to
compare online and in-person motor skill acquisition. Unpublished doctoral dissertation.
University of Georgia.

Knogler, M., Harackiewicz, J. M., Gegenfurtner, A., & Lewalter, D. (2015). How
situational is situational interest? Investigating the longitudinal structure of
situational interest. Contemporary Educational Psychology, 43, 39-50. https://doi.
org/10.1016/j.cedpsych.2015.08.004

Kovanovi¢, V., Joksimovi¢, S., Skrypnyk, O., Gasevi¢, D., Dawson, S., & Siemens, G.
(2015). The history and state of distance education. In G. Siemens, D. Gasevic,

S. Dawson, & S. (Eds.), Preparing for the digital university: A review of the history and
current state of distance, blended, and online learning (pp. 9-54). Athabasca University.

Kreijns, K., Yau, J., Weidlich, J., & Weinberger, A. (2024). Towards a comprehensive
framework of social presence for online, hybrid, and blended learning. Frontiers in
Education, 8, Article 1286594. https://doi.org/10.3389/feduc.2023.1286594

Laine, E., Veermans, M., Gegenfurtner, A., & Veermans, K. (2020). Individual interest
and learning of biology and mathematics in secondary school science education.
Frontline Learning Research, 8(2), 90-108. https://doi.org/10.14786/flr.v8i2.461

Li, K., & Keller, J. M. (2018). Use of the ARCS model in education: A literature review.
Computers & Education, 122, 54-62. https://doi.org/10.1016/j.
compedu.2018.03.019

Lipsey, M. W., & Wilson, D. B. (2001). Practical meta-analysis. Sage.

Martin, F., Wu, T., Wan, L., & Xie, K. (2022). A meta-analysis on the community of
inquiry presences and learning outcomes in online and blended learning
environments. Online Learning, 26(1), 325-359. https://doi.org/10.24059/0lj.
v26i1.2604

Mayer, R. E. (2020). Multimedia learning (3rd ed.). Cambridge University Press. https://
doi.org/10.1017/9781316941355

*McMahon-Howard, J., & Reimers, B. (2013). An evaluation of a child welfare training
program on the commercial sexual exploitation of children (CSEC). Evaluation and
Program Planning, 40, 1-9. https://doi.org/10.1016/j.evalprogplan.2013.04.002

Means, B., Toyama, Y., Murphy, R., Bakia, M., & Jones, K. (2009). Evaluation of evidence-
based practices in online learning: A meta-analysis and review of online learning studies.
US Department of Education.

Moreno, R., & Mayer, R. (2007). Interactive multimodal learning environments.
Educational Psychology Review, 19(3), 309-326. https://doi.org/10.1007/s10648-
007-9047-2

*Munjal, J., & Zutshi, K. (2020). Effectiveness of webinar-based teaching for
physiotherapy interns during COVID-19 in India — A pilot study. Journal of Advanced
Research in Medical Science & Technology, 7(4), 3-7. https://doi.org/10.24321/
2394.6539.202015

*Olson, J. S., & McCracken, F. E. (2015). Is it worth the effort? The impact of
incorporating synchronous lectures into an online course. Online Learning Journal,
19, 73-84. https://doi.org/10.24059/0l1j.v19i2.499

*Pachankis, J. E., Soulliard, Z. A., Seager van Dyk, L., Layland, E. K., Clark, K. A.,
Levine, D. S., & Jackson, S. D. (2022). Training in LGBTQ-affirmative cognitive
behavioral therapy: A randomized controlled trial across LGBTQ community centers.
Journal of Consulting and Clinical Psychology, 90(7), 582-599. https://doi.org/
10.1037/ccp0000745

*Prawestri, P. Y., Sudiarta, G. P., & Astawa, W. P. (2020). The effect of online discussion
in blended learning on students’ and attitude. Journal of Physics: Conference Series,
1503, Article 012017. https://doi.org/10.1088/1742-6596,/1503/1/012017

Raes, A., Vanneste, P., Pieters, M., Windey, 1., Van Den Noortgate, W., & Depaepe, F.
(2020). Learning and instruction in the hybrid virtual classroom: An investigation of
students’ engagement and the effect of quizzes. Computers & Education, 143, Article
103682. https://doi.org/10.1016/j.compedu.2019.103682

*Rahmati, R., Khadivzadeh, T., & Esmaily, H. (2020). Improving the level of awareness
and attitude toward fertility and fertility counseling skills of health staff with both
face-to-face and virtual training methods. Journal of Education Health Promotion, 9,
335. https://doi.org/10.4103/jehp.jehp_343_20

Salcher-Konrad, M., Nguyen, M., Savovic, J., Higgins, J. P. T., & Naci, H. (2024).
Treatment effects in randomized and nonrandomized studies of pharmacological
interventions: A meta-analysis. JAMA Network Open, 7(9), Article e2436230. https://
doi.org/10.1001/jamanetworkopen.2024.36230

Schlag, R., Sailer, M., Tolks, D., Ninaus, M., & Sailer, M. (2025). Effectiveness of
gamification in education. In A. Gegenfurtner, & I. Kollar (Eds.), Designing effective
digital learning environments (pp. 143-159). Routledge. https://doi.org/10.4324/
9781003386131-15.

Schmidt, F. L., & Hunter, J. E. (2015). Methods of meta-analysis: Correcting error and bias in
research findings (3rd ed.). Sage.

Schneider, S., Beege, M., Nebel, S., Schnaubert, L., & Rey, G. D. (2022). The cognitive-
affective-social theory of learning in digital environments (CASTLE). Educational
Psychology Review, 34(1), 1-38. https://doi.org/10.1007/510648-021-09626-5


https://doi.org/10.1002/cpp.2893
https://doi.org/10.1002/cpp.2893
https://doi.org/10.3102/0034654314540006
https://doi.org/10.3102/0034654314540006
https://doi.org/10.1093/tbm/iby008
https://doi.org/10.1024/1010-0652/a000357
https://doi.org/10.1016/j.lindif.2024.102468
https://doi.org/10.3102/0013189X16656
https://doi.org/10.3102/0013189X16656
https://doi.org/10.1111/bjet.13013
https://doi.org/10.1111/bjet.13013
http://refhub.elsevier.com/S1041-6080(25)00238-9/rf0060
http://refhub.elsevier.com/S1041-6080(25)00238-9/rf0060
http://refhub.elsevier.com/S1041-6080(25)00238-9/rf0060
https://doi.org/10.3389/feduc.2019.00092
https://doi.org/10.3389/feduc.2019.00092
https://doi.org/10.1136/bmj.315.7109.629
https://doi.org/10.1136/bmj.315.7109.629
https://doi.org/10.1177/0273475318818864
https://doi.org/10.4324/9781315667263
https://doi.org/10.4324/9781003386131-23
https://doi.org/10.4324/9781003386131-23
https://doi.org/10.1016/j.edurev.2019.100293
https://doi.org/10.1016/j.edurev.2019.100293
https://doi.org/10.4324/9781003386131-2
https://doi.org/10.4324/9781003386131-2
https://doi.org/10.3389/fpsyg.2020.630966
https://doi.org/10.3389/fpsyg.2020.630966
https://doi.org/10.25929/bjas.v4i1.50
https://doi.org/10.25929/bjas.v4i1.50
https://doi.org/10.1111/ijtd.12167
https://doi.org/10.1111/ijtd.12167
https://doi.org/10.4324/9781003386131-20
https://doi.org/10.1093/geront/gnab029
http://refhub.elsevier.com/S1041-6080(25)00238-9/rf0125
http://refhub.elsevier.com/S1041-6080(25)00238-9/rf0125
http://refhub.elsevier.com/S1041-6080(25)00238-9/rf0125
https://doi.org/10.1177/10600280221120405
https://doi.org/10.1111/joca.12592
https://doi.org/10.1007/s42438-025-00602-8
https://doi.org/10.1007/s42438-025-00602-8
https://doi.org/10.1007/s12098-012-0742-8
https://doi.org/10.1007/978-1-4419-1250-3
https://doi.org/10.4103/jehp.jehp_76_21
http://refhub.elsevier.com/S1041-6080(25)00238-9/rf0160
http://refhub.elsevier.com/S1041-6080(25)00238-9/rf0160
http://refhub.elsevier.com/S1041-6080(25)00238-9/rf0160
https://doi.org/10.1016/j.cedpsych.2015.08.004
https://doi.org/10.1016/j.cedpsych.2015.08.004
http://refhub.elsevier.com/S1041-6080(25)00238-9/rf0175
http://refhub.elsevier.com/S1041-6080(25)00238-9/rf0175
http://refhub.elsevier.com/S1041-6080(25)00238-9/rf0175
http://refhub.elsevier.com/S1041-6080(25)00238-9/rf0175
https://doi.org/10.3389/feduc.2023.1286594
https://doi.org/10.14786/flr.v8i2.461
https://doi.org/10.1016/j.compedu.2018.03.019
https://doi.org/10.1016/j.compedu.2018.03.019
http://refhub.elsevier.com/S1041-6080(25)00238-9/rf0200
https://doi.org/10.24059/olj.v26i1.2604
https://doi.org/10.24059/olj.v26i1.2604
https://doi.org/10.1017/9781316941355
https://doi.org/10.1017/9781316941355
https://doi.org/10.1016/j.evalprogplan.2013.04.002
http://refhub.elsevier.com/S1041-6080(25)00238-9/rf0220
http://refhub.elsevier.com/S1041-6080(25)00238-9/rf0220
http://refhub.elsevier.com/S1041-6080(25)00238-9/rf0220
https://doi.org/10.1007/s10648-007-9047-2
https://doi.org/10.1007/s10648-007-9047-2
https://doi.org/10.24321/2394.6539.202015
https://doi.org/10.24321/2394.6539.202015
https://doi.org/10.24059/olj.v19i2.499
https://doi.org/10.1037/ccp0000745
https://doi.org/10.1037/ccp0000745
https://doi.org/10.1088/1742-6596/1503/1/012017
https://doi.org/10.1016/j.compedu.2019.103682
https://doi.org/10.4103/jehp.jehp_343_20
https://doi.org/10.1001/jamanetworkopen.2024.36230
https://doi.org/10.1001/jamanetworkopen.2024.36230
https://doi.org/10.4324/9781003386131-15
https://doi.org/10.4324/9781003386131-15
http://refhub.elsevier.com/S1041-6080(25)00238-9/rf0270
http://refhub.elsevier.com/S1041-6080(25)00238-9/rf0270
https://doi.org/10.1007/s10648-021-09626-5

A. Gegenfurtner et al.

Siewiorek, A., & Gegenfurtner, A. (2010). Leading to win: The influence of leadership
style on team performance during a computer game training. In K. Gomez, L. Lyons,
& J. Radinsky (Eds.), Vol. 1. Learning in the disciplines (pp. 524-531). ISLS.

Stanley, T. D., & Doucouliagos, H. (2017). Neither fixed nor random: Weighted least
squares meta-regression. Research Synthesis Methods, 8(1), 19-42. https://doi.org/
10.1002/jrsm.1211

Testers, L., Alijagic, A., Brand-Gruwel, S., & Gegenfurtner, A. (2024). Predicting transfer
of generic information literacy competencies by non-traditional students to their
study and work contexts: A longitudinal perspective. Education Sciences, 14(2), 117.
https://doi.org/10.3390/educsci14020117

Testers, L., Gegenfurtner, A., & Brand-Gruwel, S. (2020). Taking affective learning in
digital education one step further: Trainees’ affective characteristics predicting

Learning and Individual Differences 126 (2026) 102862

multicontextual pre-training transfer intention. Frontiers in Psychology, 11, 2189.
https://doi.org/10.3389/fpsyg.2020.02189

Wagner, M., Gegenfurtner, A., & Urhahne, D. (2021). Effectiveness of the flipped
classroom on student achievement in K-12 education: A meta-analysis. Zeitschrift fiir
Padagogische Psychologie, 35(1), 11-31. https://doi.org/10.1024/1010-0652/
a000274

Wagner, M., Gegenfurtner, A., & Urhahne, D. (2025). Effectiveness of flipped classrooms.
In A. Gegenfurtner, & I. Kollar (Eds.), Designing effective digital learning environments
(pp. 225-240). Routledge. https://doi.org/10.4324/9781003386131-22.

Wilson, D. B. (2023). Practical meta-analysis effect size calculator (Version 2023.11.27).
https://www.campbellcollaboration.org/escalc/html/EffectSizeCalculator-Home.ph

p.


http://refhub.elsevier.com/S1041-6080(25)00238-9/rf0280
http://refhub.elsevier.com/S1041-6080(25)00238-9/rf0280
http://refhub.elsevier.com/S1041-6080(25)00238-9/rf0280
https://doi.org/10.1002/jrsm.1211
https://doi.org/10.1002/jrsm.1211
https://doi.org/10.3390/educsci14020117
https://doi.org/10.3389/fpsyg.2020.02189
https://doi.org/10.1024/1010-0652/a000274
https://doi.org/10.1024/1010-0652/a000274
https://doi.org/10.4324/9781003386131-22
https://www.campbellcollaboration.org/escalc/html/EffectSizeCalculator-Home.php
https://www.campbellcollaboration.org/escalc/html/EffectSizeCalculator-Home.php

	Synchronous online learning supports cognitive and affective outcomes more than traditional face-to-face and asynchronous online education: a meta-analysis of webinars
	Andreas Gegenfurtner, Aldin Alijagic, Sylvia Gabel, Özün Keskin
	Nutzungsbedingungen / Terms of use:
	CC BY 4.0  

	Synchronous online learning supports cognitive and affective outcomes more than traditional face-to-face and asynchronous o ...
	1 Introduction
	2 Methods
	2.1 Search
	2.2 Coding
	2.3 Analysis

	3 Results
	3.1 Description of included studies
	3.2 Publication bias for affective and cognitive outcomes
	3.3 Affective and cognitive outcomes of webinar-based learning
	3.4 Subgroup analyses of affective and cognitive outcomes
	3.5 Associations between affective and cognitive outcomes

	4 Discussion
	CRediT authorship contribution statement
	References11Studies preceded by an asterisk are included in the meta-analysis.


