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Extended summary

This deliverable synthesises findings from intervention studies conducted across the EffecTive consortium
with the aim of understanding how different teacher professional learning designs contribute to the
development of pedagogical digital competence (PDC). Whereas D3.2 focused primarily on reporting and
evaluating individual intervention studies within their local implementation contexts, D4.3 moves one
analytical level higher by examining patterns across interventions, training configurations, and institutional

settings.

The need for such synthesis emerges directly from the complexity of teacher professional learning in
technology-enhanced learning environments. Across the consortium, interventions differed in their
combinations of training methods, delivery modes, participant groups, institutional contexts, duration, and
implementation conditions. At the same time, all interventions were grounded in a shared conceptual
understanding of PDC and employed partially harmonised outcome measures. This created a unique
opportunity to move beyond isolated case reporting and examine broader questions concerning training

effectiveness, efficiency, and methodological comparability across contexts.

The deliverable is based on the assumption that PDC development is multidimensional, context-sensitive,
and shaped by the interaction between training design, participant characteristics, implementation quality,
and institutional conditions. Consequently, the goal of D4.3 is to examine the methodological challenges

involved in evaluating complex professional learning interventions across heterogeneous educational settings.
To address these aims, D4.3 combines two complementary analytical approaches:

e amultilevel meta-analytic synthesis of intervention effects, and
e cost-efficiency analyses examining the relationship between training outcomes and resource

investments.

The meta-analysis focuses on intervention effectiveness and examines whether different combinations of
training methods are associated with differential gains across multiple dimensions of PDC, including
knowledge-related outcomes, self-efficacy, technology integration practices, and intended adoption. By
synthesising intervention-level effect sizes within a common measurement framework, the analysis provides
a structured overview of the magnitude, consistency, and heterogeneity of training effects across the

consortium.

The efficiency analyses complement these findings by addressing a different but equally important question:
whether more complex or resource-intensive training designs are justified relative to the outcomes they
produce. Using Data Envelopment Analysis and Stochastic Frontier Analysis, the deliverable evaluates
interventions not in terms of effectiveness but in terms of cost-efficiency, considering both fixed and variable

resource investments alongside observed learning-related gains.

Together, these two analytical perspectives provide a broader understanding of teacher professional learning
than individual intervention reports alone. The meta-analysis addresses “what kinds of outcomes are
associated with different training designs,” whereas the efficiency analyses address “whether these gains are
achieved efficiently relative to invested resources.” Their combination allows D4.3 to contribute

simultaneously to scientific understanding, methodological development, and future policy-oriented
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discussions concerning scalable and sustainable teacher professional development.

At the same time, the findings of both analyses point toward important limitations of broad intervention-
level classifications. Across the studies, substantial heterogeneity remains unexplained by training design
categories alone. This suggests that future analyses should move beyond comparing broad training
configurations toward more mechanism-oriented and participant-sensitive approaches. In particular, future
pooled participant-level analyses may help explain how factors such as teachers’ self-regulated learning skills,
motivational beliefs, inclusion-related orientations, readiness profiles, implementation quality, and
contextual conditions shape differential training outcomes and transfer into practice. Thus, D4.3 should be
understood not only as a synthesis of current intervention evidence but also as a methodological stepping

stone toward a more nuanced understanding of teacher professional learning in TEL environments.
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A meta-analytic approach: The eftects of training designs on

teachers’ pedagogical digital competence

Abstract

Teacher trainings are designed and implemented to support pedagogical digital competence across European
contexts, yet the effectiveness of different training designs remains understudied. This study reports a pre-
registered meta-analytic synthesis of 25 pre-post intervention cases from a coordinated project spanning four
countries (k = 25; N = 500 teachers). We examine four training designs of increasing complexity: knowledge
instruction (KI-only), KI combined with situated learning (KI+SL), KI combined with collaborative design
(KI+CD), and KI combined with both situated learning and collaborative design (KI+SL+CD). The analysis
tests four hypotheses: whether KI-only training produces the strongest gains in knowledge and technological
understanding; whether KI+SL improves ICAP-based technology integration practices; whether KI+CD
improves attitudes, beliefs, and self-efficacy-related outcomes; and whether more complex multi-component
training designs produce stronger gains in adoption and technology integration. Effect sizes are computed as
Hedges’ g from pre-post gain scores and estimated using three-level random-effects models with cluster-
robust standard errors. The results provide no support for the first hypothesis. The second hypothesis receives
weak support, as KI+SL shows positive but statistically uncertain effects on technology integration practices,
especially constructive ICAP activities. The third hypothesis shows only limited directional support, with
some positive trends for self-efficacy-related outcomes, but no robust evidence that KI+CD systematically
improves attitudes and beliefs. The final hypothesis is also not confirmed: more complex training designs do
not consistently outperform simpler designs in technology adoption or technology integration. Across
models, between-case heterogeneity is substantial, indicating that intervention-specific features and

implementation contexts matter more than broad training-design categories.

1. Introduction

Teachers’ pedagogical digital competence (PDC) has become a central concern in contemporary education
systems, as teachers are increasingly expected to integrate digital technologies into teaching in ways that are
pedagogically meaningful, context-sensitive, and inclusive. However, PDC is conceptualised as a broad
construct that includes technological, pedagogical, and content-related knowledge, situation-specific skills,
affective-motivational dispositions, cultural awareness, and the ability to support equity in technology-
enhanced learning settings (Redecker, 2017; Lucas et al., 2021). This broad understanding implies that
teacher training aimed at developing PDC should not be reduced to simple technical upskilling. Rather, it
should be understood as a complex professional learning process that combines knowledge acquisition,
practice-based application, and ongoing support for classroom implementation. Yet, despite a growing body
of intervention research, the evidence base for what kind of training actually works and for which dimension

of PDC remains fragmented.
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The present study addresses this gap by reporting a meta-analytic synthesis of intervention cases drawn from
the EffecTive research project, a coordinated multi-site study spanning five European countries. All
participating institutions designed and delivered teacher training programmes targeting PDC, using a shared
set of outcome measures that span knowledge, attitudes, self-efficacy, and technology integration practices.
This common measurement framework makes it possible to aggregate effect sizes across cases while
maintaining conceptual coherence, providing a rare opportunity for a within-project meta-analysis of

sufficient methodological quality to support valid inference.

The central research question is whether the design of teacher training, specifically its complexity and the
combination of methods it employs, predicts differential gains across distinct dimensions of PDC. We
distinguish four training designs that vary in their combination of instructional approaches: knowledge
instruction alone (KI), KI combined with situated learning (KI+SL), KI combined with collaborative design

(KI+CD), and the most complex design combining all three components (KI+CD+SL).

The analysis focuses on outcomes at Kirkpatrick’s Levels 2 and 3: knowledge, skills, attitudes, and intended
behavioural change (Kirkpatrick, 1959). We report pre-post gain estimates as Hedges’ g using three-level
random-effects models, and we examine pairwise contrasts between training designs where cell sizes allow.
The paper contributes to the literature in three ways. First, it provides one of the few within-project meta-
analyses of teacher PDC training at this level of measurement coherence. Second, it tests theoretically
motivated hypotheses about the differential effectiveness of training designs rather than estimating a global
average effect. Third, it reports honest null results with appropriate uncertainty quantification, which is itself

a contribution to a literature prone to publication bias toward positive findings.

We continue as follows. Section 2 develops the theoretical framework and derives the four hypotheses.
Section 3 describes the method and data. Section 4 reports the results hypothesis by hypothesis, including
both pre-post and post-test-only sensitivity analyses. Section 5 draws conclusions and discusses implications

for research and practice.
2. Theoretical premises

2.1. From reactions to adoption

This study conceptualises teacher training as a process that may influence teachers’ knowledge, beliefs, self-
efficacy, and intended classroom behaviour. This logic is informed by the Kirkpatrick model of training
evaluation, which distinguishes between participants’ reactions, learning, behavioural transfer, and final
organisational or classroom effects (Kirkpatrick, 1959; Kirkpatrick & Kirkpatrick, 2006). However, we do
not treat the Kirkpatrick levels as a strict causal sequence. Prior reviews and meta-analytic evidence question
the assumption that positive reactions necessarily lead to learning, or that learning automatically produces
behavioural transfer (Alliger & Janak, 1989). Therefore, we use Kirkpatrick’s framework primarily as a

taxonomy for locating different types of training outcomes.

The meta-analysis focuses on group-level outcomes that correspond mainly to Kirkpatrick’s learning level,

broadly understood. These include knowledge, situation-specific skills, attitudes, self-efficacy, and intended
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adoption. They are learning-related outcomes in the sense that they capture changes in what teachers know,
believe, feel capable of doing, or intend to use after training. However, they should not be interpreted as direct
evidence of classroom implementation or as necessary mediators of later behavioural transfer. In other words,
this study evaluates whether training changes teachers’ proximal professional competences, not whether those

changes necessarily translate into observed teaching practice.

This distinction is important for interpreting the role of training design. Research on effective teacher
professional development suggests that outcomes depend not only on the amount of information provided,
but also on how teachers engage with that information. Desimone (2009) argues that professional
development is more likely to affect teachers when it includes content focus, active learning, coherence,
sufficient duration, and collective participation. Similarly, Darling-Hammond et al. (2017) emphasise that
effective professional development is typically sustained, collaborative, practice-based, and connected to
teachers’ classroom contexts. These arguments imply that different training methods may be better suited to
different types of proximal outcomes: knowledge instruction may be more closely linked to knowledge-
related outcomes, situated learning to practice-oriented skills and self-efficacy, and collaborative
design to self-assessed competence and pedagogical integration. This provides the basis for the

hypotheses tested in the meta-analysis.

2.2. Different training methods build different competencies

The central theoretical claim of this paper is that the effect of teacher training on PDC depends on the design
and the complexity of the training methods employed. PDC is understood here as a multidimensional
construct that includes technological and pedagogical knowledge, situation-specific skills, beliefs and
attitudes, self-efficacy, and the capacity to integrate digital technologies meaningfully into teaching (Mishra
& Koehler, 2006; Redecker, 2017; Lucas et al., 2021). We focus on three training components that can be
combined in varying degrees of complexity: knowledge instruction (KI), collaborative design (CD), and

situated learning (SL).

KI provides structured conceptual input and is expected to be most effective for improving teachers’
technological and pedagogical knowledge. It directly targets conceptual understanding, terminology, and the
principles of technology-enhanced learning. This is consistent with TPACK-based approaches, which
emphasise that teachers need integrated technological, pedagogical, and content knowledge in order to use
technology meaningfully in instruction (Mishra & Koehler, 2006; Lachner et al., 2019). In this sense, KI
forms the necessary baseline for most professional learning programmes: without conceptual knowledge,
teachers may lack the foundation to understand why and how digital tools can support learning. However,

knowledge alone is unlikely to be sufficient for strong classroom adoption or changes in instructional practice.

KI combined with SL extends conceptual learning by embedding teacher learning in authentic or simulated
professional contexts. The key contribution of SL is that it connects abstract knowledge to classroom
situations and supports the development of situation-specific skills, such as noticing relevant classroom
events, interpreting students’ learning needs, and deciding how to respond appropriately. In teacher
education research, such skills are considered central to professional competence because teachers must act

under complex, dynamic, and context-sensitive conditions (Blomeke et al., 2015). Situated and practice-based
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learning is therefore expected to improve not only knowledge, but also teachers’ ability to apply knowledge
in realistic teaching scenarios (Borko, 2004; Darling-Hammond et al., 2017). Compared to KI alone, KI + SL

is thus expected to produce stronger gains in applied competence and classroom readiness.

KI combined with SL and CD adds a collaborative dimension to professional learning by involving teachers
in the co-design of lessons, tasks, or teaching strategies. This extension is theoretically justified because digital
competence is not only individual knowledge, but also a form of professional practice developed through
shared planning, peer exchange, and reflection. Collaborative and design-based professional development can
strengthen integrated knowledge, professional confidence, and self-efficacy because teachers jointly construct
solutions that are closely connected to classroom use (Borko, 2004; Tondeur et al., 2012; Rokenes &
Krumsvik, 2014). By combining conceptual input, situated application, and collaborative design processes,
KI + SL + CD is expected to generate the greatest improvements in attitudinal outcomes, self-efficacy, and

sustained instructional implementation.

2.3. Technology integration as quality of practice: the ICAP perspective

A further theoretical challenge is that teachers’ digital competence cannot be reduced to the frequency of
technology use. A teacher may use digital tools frequently, but only for passive presentation or low-level
student activity. For this reason, the quality of technology integration must be assessed and measured in terms

of the kind of learning activity that technology is used to support.

The ICAP framework provides a useful conceptual basis for this distinction. It classifies learning activities
according to the depth of students’ cognitive engagement: passive (receiving information), active
(manipulating or practising), constructive (creating or explaining), and interactive (collaborating and co-
constructing knowledge with others). The central hypothesis of the framework is that deeper modes of
engagement lead to stronger learning outcomes, with interactive and constructive activities representing more
cognitively demanding and pedagogically advanced forms of practice than active or passive engagement (Chi
& Wrylie, 2014). Antonietti et al. (2023) show that interactive technology use is the most difficult mode and
least frequently endorsed by teachers, suggesting that higher ICAP levels capture more advanced forms of

pedagogical digital competence rather than simple tool use.

If training complexity matters, then more complex training should not only increase teachers’ general
confidence or frequency of digital technology use, but should also shift the quality of technology integration
towards more constructive and interactive forms. Training based only on KI may improve teachers’ awareness
of digital tools and their conceptual understanding of technology-enhanced learning. By contrast, trainings
thatinclude CD and SL should more plausibly move teachers toward constructive and interactive technology
use: designing tasks in which students explain, create, discuss, collaborate, and co-construct knowledge with
digital tools (Chi & Wylie, 2014; Antonietti et al., 2023). This makes ICAP-based outcomes especially
suitable for testing whether complex training designs improve not only teachers’ digital competence, but also

the quality of their classroom practice (Antonietti et al., 2023).
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2.3. From literature to hypotheses

The theoretical framework outlined above suggests that different training methods are likely to affect
different dimensions of teacher PDC. Accordingly, the meta-analysis does not assume that all interventions
should produce the same type of gain. Instead, it tests whether the expected differential effects of training

vary systematically by design and by outcome domain. These assumptions are translated into four hypotheses.

H1: Knowledge instruction and knowledge outcomes. Training designs based primarily on KI are
expected to produce the strongest gains in teachers’ conceptual and technological-pedagogical knowledge,
specifically in technological potential and educational psychology principles of ICT use. This follows from
the fact that KI directly targets conceptual understanding and is closest in format to the knowledge
instruments used as outcome measures (Mishra & Koehler, 2006; Lachner et al., 2019). Figure 1 shows the

descriptive evidence on our cases on two objective outcome variables.

Educational psychology principles Technology potential

— —
&

10

5.0

Group mean score

o

25
% . i

Pre-test Post-test Pre-test Post-test

Average group size @ 10 @ 20 @ 30

Figure 1. Figure 1. Changes in knowledge outcomes before and after KI-only training

Notes. The figure shows pre- and post-test group mean scores for the two knowledge outcomes: educational psychology principles
and technology potential. Each line represents one training intervention, connecting the group’s pre-test and post-test mean scores.
Points indicate group means, with pointsize proportional to the average group size across pre-test and post-test measurements. Higher
scores indicate higher knowledge or stronger understanding of the respective outcome domain.

H2: Situated learning and practice-oriented skills. Training designs that combine KI with SL are
expected to produce positive gains in situation-specific skills, intended adoption of technology-enhanced
learning methods, and technology integration practices. Also, it is expected to produce larger gains compared

to KI-only training.

H3: Collaborative design and attitudinal change. Training designs that combine KI with CD are
expected to produce gains in self-reported beliefs and attitudes. These gains should be larger than KI-only
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training. We operationalise these gains by measuring self-efficacy for digital teaching, self-efficacy for
instructing self-regulated learning and teachers’ digital competence. Figure 2 demonstrates the descriptive
evidence of KI + CD trainings on attitudinal outcomes related to self-efficacy. In addition, we operationalise

the subjective measure of teacher digital competence as an attitudinal variable.

Self-efficacy in implementing SRL Self-efficacy of digital teaching

—

Group mean score
w

Pre-test Post-test Pre-test Post-test

Average group size ® 20 @ 40 @ 0 @ 80

H3: KI+CD and KI+CD+SL trainings and changes in attitudes and beliefs

Figure 2. Pre—post changes in attitudes and beliefs in KI + CD training interventions

Notes. Panel A shows self-efficacy in implementing self-regulated learning (SRL), and Panel B shows self-efficacy of digital teaching.
Points represent group mean scores at pre-test and post-test, connected by lines f  or KI + CD training groups only. Point size reflects
the average group size. Upward slopes indicate increases in mean scores between pre-test and post-test, whereas downward slopes

indicate decreases.

H4: Training complexity and classroom adoption. More complex training designs — those combining
KI, SL, and CD - are expected to produce stronger gains in intended technology adoption and ICAP-based
technology integration than simpler designs. This hypothesis reflects the assumption that transfer to
classroom practice requires not only knowledge, but also situated application, collaborative reflection, and
opportunities for supported enactment (Blume et al., 2010; Darling-Hammond et al., 2017; Antonietti et al.,
2023).
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3. Method and data

3.1 Model identification and estimation

The meta-analysis is based on pre-post intervention studies and estimates learning gains associated with
different teacher training designs. A random-effects meta-analytic framework is adopted, acknowledging that
substantial heterogeneity is expected across interventions and allowing multiple outcomes to be nested within
the same case or institution. The underlying model is a three-level random-effects specification in which effect
sizes are nested within cases, which in turn are nested within institutions. This structure is appropriate because
the dataset includes repeated outcome domains within the same intervention context, which violates the

assumption of fully independent effect sizes.

Effect sizes are expressed as Hedges’ g, that is, standardised mean gains corrected for small sample bias. In line
with Lipsey and Wilson (2001), the analysis should be grounded in a detailed coding protocol that captures
design features, treatment components, sample characteristics, outcome measures, and relevant moderators.
In practical terms, all studies use the same instruments to map both pre- and post-outcomes. This means that
the meta-analysis compares studies that differ in implementation while still relying on conceptually aligned

measures.

The design logic of the project is quasi-experimental rather than fully randomised. Due to moderate dropout
from the training, we see some selection bias based on unobservables. The intervention studies, therefore,
rely on pre-post-test designs, optional control conditions, and the systematic inclusion of control variables to
reduce confounding. For meta-analytic purposes, this has two implications. First, gain-score estimation is a
defensible strategy because baseline and post-intervention observations are available. Second, the internal
validity of the pooled evidence depends not only on statistical aggregation but also on careful coding of design
quality and potential sources of bias, including self-selection into training groups, training-level context, and

whether the intervention was held by researchers or training institutions.
More formally, the estimation strategy with a multilevel meta-regression model is:
9ij = Bo +u; +vij + &;

where g;;is the gain-score effect size estimate for the intervention case { in institution, j. Bois the overall
pooled intervention effect, uj ~ N (0, Tf sitution)is the random effect for institution, v;; ~ N(0, Tsztudy)is

the within-institution random effect, and &;; ~ N (0, v;;)is the sampling error.

Models were estimated using restricted maximum likelihood (REML). Statistical inference relied on t-tests
with Satterthwaite degrees-of-freedom approximation and cluster-robust standard errors (CR2) at the
institution level to account for dependence among effect sizes originating from the same institution. Effect
sizes are expressed as Hedges’ g, computed from single-group pre-post gain scores as:

y-post _ y-pre
9ij =] ——

)

Spooled

where Sp,01eq is the pooled pre-post standard deviationand /] = 1 — [

3 . .
Wl 1] the small-sample bias
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correction factor applied with 145 — 1 degrees of freedom. A pooled standardiser is used rather than the
pre-test SD alone because several cases experienced participantattrition between measurement points, making
the pre-test sample non-representative of the post-test sample. All analyses were conducted in R using the
metafor package for meta-analysis (Viechtbauer, 2010) and the c/ubSandwich package for cluster-robust

variance estimation (Pustejovsky, 2022).

Because the number of cases within individual training design categories is limited, moderator analyses are
conducted as pairwise contrasts between theoretically motivated groups rather than as full factorial
comparisons. The available data support pairwise comparisons between KI and KI+SL for H1 and H2,
between CD-containing and non-CD-containing designs for H3, and between KI-only and all KI+ designs
pooled for H4. These analyses remain exploratory. In addition to pre-post models, post-test-only models are
estimated for a subset of within-institution delivery-matched pairs as a supplementary sensitivity check. The
post-test-only effect sizes are computed as independent-groups standardised mean differences at the post-test

measurement point, using pooled post-test standard deviations.

3.2 Data description

The analysis draws on 25 intervention cases from five partner institutions: TLU (Estonia, k = 9), ULM
(Germany, k = 8), TAU (Israel, k = 4), OULU (Finland, k = 2), and UAU (Germany, k = 2). Table 1 provides
an overview of the cases by training design. The four training design categories are KI only, KI+CD,
KI+CD+SL, and KI+SL. All interventions share a knowledge instruction component, with more complex

designs adding collaborative design, situated learning, or both.

Table 1. Description of Intervention Cases by Training Design (k = 25, n = 552/500)

Face-
Treatment Reten- ace Blen- | Pre-service In-service
) k Mpre  Mpost | | Online  to-
design tion ded teachers teachers
face
KI 10 20.50 18.80 0.896 4 2 4 7 3
KI+ CD 4 38.75 36.50 0.975 1 0 3 3 1
KI + SL 7 18.14 14.43 0.817 2 2 3 2 5
KI+ CD + SL 4 16.25 16.25 1.000 0 2 2 3 1

Notes. k = number of cases. M pre and M post = mean number of participants at pre- and post-test. Retention = proportion of pre-
test participants retained at post-test. Pre-service and In-service columns report the number of cases within each category. Overall

retention across all cases is 0.906 (52 participants dropped across the full dataset).

One institution contributes 44.8% of all cases, with a particularly strong concentration in the KI+CD+SL
design category (5 of 6 KI+CD+SL cases). This concentration of complex training designs within a single
institution means that any comparison involving KI+CD+SL is partly confounded with institutional
characteristics. This limitation is acknowledged throughout the reporting and motivates the decision to pool
KI+CD and KI+CD+SL into a broader CD-containing group for the H3 analysis, and to pool all KI+ designs

for the H4 complexity analysis. Outcome data availability varies across training designs and outcome
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domains.

Data from 25 pre-post studies are described in Table 2. According to the presentation, the data cover three
blocks of Level 2 outcomes - situation-specific skills, attitudes and skills — and one Level 3 block — changes
in behaviour. The main treatment groupings in the current analysis are KI, KI+SL, KI+CD, and
KI+SL+CD.

Figure 3 gives a descriptive overview of Hedges g’s as a visual summary of patterns before we move to the
analysis. There is substantial heterogeneity in pre—post gains across both, training designs and outcome
domains, and no uniform pattern suggests that one training design consistently outperforms the others across

all outcomes.

Educational psychology principles Technology potential Self-efficacy for digital teaching
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Dots are study groups; diamonds are weighted mean standardised gains

Figure 3. Study-level and mean pre—post gains by training design and outcome

Notes. The figure shows approximate Hedges’ ¢ pre—post gains by training design across knowledge, self-efficacy, technology
adoption, and ICAP-based technology integration outcomes. Grey circles represent study-level effects, with circle size proportional
to the average group size. Red diamonds indicate mean standardised gains for each training design and outcome. The dashed
horizontal line marks zero effect; values above zero indicate positive pre—post gains, while values below zero indicate lower post-test
than pre-test scores. KI = Knowledge Instruction; CD = Collaborative Design; SL = Situated Learning; ICAP = Interactive,

Constructive, Active, Passive framework.
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Table 2. Descriptive statistics

Variable KI  only (k=10 + CD (k=4 KI + CD + SL (k=4, KI+SL (k=7, N=127/101)
N=205/188) N=155/146) N=65/65)
Pre Post k Pre Post k Pre Post k Pre Post k

Level 2: Knowledge (objective and subjective)

Educational psychology principles 6.92 6.66 9 4.00 3.86 3 5.98 5.94 4 7.54 7.62 7
(1.38) (1.46) (0.89)  (0.85) (1.18)  (1.08) (159)  (1.45)

Technology potential 10.57 10.39 10 7.54 712 4 991 9.53 4 10.86 10.57 7
(1.99) (1.86) (126)  (1.25) (179 (141) (240)  (2.30)

Level 2: Attitudes and skills (subjective)

Self-efficacy for digital teaching 4.55 4.75 10 421 4.39 4 5.67 5.75 4 4.68 4.59 7
(0.94) (0.90) (1.06)  (0.98) (0.81)  (0.68) (072)  (0.73)

Self-efficacy for SRL instruction 3.24 3.46 8 3.56 3.55 4 3.56 3.79 4 3.14 3.47 7
(0.95) (0.84) (0.70)  (0.56) (070) (059 (0.84)  (0.78)

Teacher digital competence 3.18 3.44 9 2.84 3.50 2 3.06 3.80 3 3.24 3.36 7
(0.83) (0.76) (0.83)  (0.71) (073)  (058) (0.74)  (0.73)

Level 3: Changes in behaviour (subjective)

Technology adoption 4.23 4.27 6 3.61 3.82 4 4.63 4.78 4 4.56 4.52 5
(0.77) (0.84) 0.92)  (0.97) 0.97)  (0.63) 0.68)  (0.88)

Tech. integration — interactive 2.82 2.98 8 2.93 3.13 2 2.38 3.15 3 2.81 2.90 7
(0.79) (1.05) (1.04)  (0.84) (L12)  (1.00) 077)  (0.93)

Tech. integration — active 3.20 3.36 8 3.04 3.34 2 2.67 3.35 3 3.27 3.36 7
(0.80) (0.85) 0.98)  (0.88) 0.92)  (0.90) (073)  (0.93)

Tech. integration — constructive 3.10 3.24 8 3.07 3.21 2 2.60 3.25 3 291 3.22 7
(0.81) (0.97) 0.97)  (0.83) (1.09)  (0.87) (070)  (0.88)

Tech. integration — passive 3.51 3.56 8 3.86 3.77 1 NA 4.00 0 3.62 3.78 6
(0.75) (0.75) 0.60)  (0.84) (0.65) (078)  (0.88)

Notes. Values are means with standard deviations in parentheses. k = number of cases; N = number of teachers at pre-test / post-test; NA =the value was recorded as missing. Level 2: knowledge (subjective) includes Educational psychology principles
and Technology potential, measured using knowledge instruments adapted from Lachner et al. (2019); scores are reported as scale totals, with maximum scores of 20 and 12 points, respectively. Level 2: attitudes and skills (subjective) includes Self-
efficacy for SRL instruction (indirect) based on De Smul et al. (2018), Likert S scale average across 4 items; Self-efficacy for digital teaching is based on van Acker et al. (2013), measured on a 7-point Likert scale and averaged across items. Level 3:
Changes in behaviour (subjective) include Technology adoption and Technology integration. Technology adoption is based on intended adoption items from Ley et al. (2022), measured using four items on a 6-point Likert scale. Technology integration

is based on the ICAP framework measure from Antonietti et al. (2023), measured using 12 items on a S-point Likert scale and reported as one average score. Digital competence was assessed using a 12-item DigCompEdu-based self-report scale adapted

from Lucas et al. (2021), indicating greater pedagogical digital competence.
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4, Results

Table 3 summarises the grand mean pre-post effects for all four hypotheses. Table 4 reports the pairwise
contrast models alongside the post-test-only sensitivity check. For each model, the tables report the pooled
Hedges’ g with cluster-robust standard error, the 95% confidence interval, the institution-level and case-level
variance components (7% and ), the total heterogeneity I*(%), the number of effect sizes (k), and the number
of institutional clusters (m). Forest plots for all grand mean models are presented in Figures 4 through 7; for

contrast and sensitivity models the reader is referred directly to Tables 3 and 4.

4.1. Hypothesis 1: Knowledge instruction and knowledge outcomes

H1 predicted that KI-only training would produce gains in teachers’ conceptual knowledge of technological
potential, educational psychology principles of ICT use and . The grand mean results reported in Table 3 and
displayed in Figure 4 do not support this hypothesis. The pooled effect of KI-only training on technological
potential is -0.086, and on educational psychology principles is -0.076. Both estimates are negligible in
magnitude, slightly negative, and statistically insignificant. Between-case heterogeneity is modest (1*,=0.037
and 0.030, respectively), and the institution-level variance component is zero in both models, indicating that

KI-only cases produce broadly similar near-zero effects regardless of institution.

The contrast models in Table 4, which compare KI-only against KI+SL (with KI+SL as the reference
category), confirm that the two designs do not differ significantly on either knowledge outcome. The KI-only
coefficient is +0.051 for technological potential and -0.150 for educational psychology principles, with wide
confidence intervals reflecting the small number of institutional clusters. The post-test-only sensitivity
analysis (Model 2 in Table 4), based on 13 within-institution delivery-matched pairs, is consistent with these
findings: KI-only cases score 0.302 standard deviation(SD) units above KI+SL cases on technological
potential at post-test, and 0.317 SD units below KI+SL on educational psychology principles, neither of

which is significant.

One plausible explanation for the near-zero or marginally negative pre-post differences is response fatigue.
The knowledge instruments were relatively long and administered twice within the study period. Repeated
exposure to the same items under low-stakes conditions may have reduced engagement at post-test, producing

spurious negative change scores that reflect measurement artefact rather than genuine knowledge decline.

Figure 4: Grand mean effect of study design KI-only on knowledge outcomes indicated by technological

potential (left upper panel), educational psychology principles (right upper panel) and teacher digital
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Effect of Kl training on technological potential Effect of Kl training on educational psychology principles
(Hedges' g) (Hedges' g)

Study Estimate [35% CI] Study Estimate [95% CI]
cT - -0.31[-0.67. 0.04] cT1 —— 0.05 [-0.40. 0.29]
PT1.2 0.06[-0.31. 0.44) PT1.3 —=— 040001, 0.79]
PT1.6 - 0.01[-0.29, 0.32]

PT1.6 - -0.14 [-0.45, 0.17]
cuut.2 —_— -0.24 [-0.84, 0.36]

cuut 2 ——=—— 011[-049. 070]
cuuz.1 —————— 0.78[0.17, 1.39]

cuu2.1 —— -004 [-0 57, 048]
cuus2 e -0.06 [-0.77, 0.64]

cuus.2 —_— -119 [-216. -0 23]
Cuu4.2 —a— -034[-073 003]

Cuu4.2 - 0.06 [-0.32. 0.44]
P0O22 e -0.56 [-1.08. -0.05]

-
PA1.2 - -0.07 [-0.57, 0.44] Pat2 0251077, 027]
cH A - 010 [-0.41, 0.61] CH.A —_—— -0.51 [-1.06, 0.03]
Random-Effects Model g~ -0.09 [-0.28, 0.11] Random-Effects Model i -0.08 [-0.50, 0.39]
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competence (lower panel)

Notes. Study-level estimates are shown with 95% confidence intervals. The pooled effect was estimated using a study random-effects
model. Some studies include multiple intervention arms, indicated by suffixes such as .1 and .2 in the study labels. The left upper
panel presents knowledge outcomes measured with a technology-potential instrument adapted from Lachner et al. (2019), reported
as a scale total with a maximum score of 20 points. Higher scores indicate greater knowledge of the pedagogical potential of digital
information and communication technologies. The instrument covers five domains: information and presentation, learning-task
design, cognitive tools, coaching and communication, and testing and consulting. The right panel presents education psychology
principles outcome measured using a multiple-choice instrument adapted from Lachner et al. (2019), with a maximum score of 12
points. The instrument assesses teachers’ knowledge of effective technology-supported instructional practices across three domains:
multimedia learning, online communication, and simulations. Example items include identifying conditions under which students
learn better from digital texts and pictures, recognising requirements for effective online discussions, and understanding the
instructional purposes for which simulations are particularly suited. Higher scores indicate greater pedagogical knowledge regarding

the effective use of digital technologies in teaching and learning.
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4.2. Hypotheses 2: Situated learning and practice-oriented skills

H2 predicted that KI+SL training would produce stronger gains in technology integration practices and
intended technology adoption than simpler designs, i.e. KI-only. The grand mean effects for KI+SL, reported
in Table 3 and displayed in Figure 5, are directionally positive across all four ICAP subscales. The largest effect
is observed for constructive integration (g = 0.439), which approaches marginal significance and represents
the largest single grand mean estimate in the entire analysis. Passive integration shows the next largest effect,
also approaching marginal significance. Interactive and active integration show smaller positive estimates,
both clearly non-significant. Between-case variance is substantial across all five outcomes (7%, ranging from
0.066 to 0.385), indicating that grand mean estimates mask considerable variation across individual KI+SL

interventions.

KI+SL training on ICAP: Interactive (Hedges' g) KI+SL training on ICAP: Constructive (Hedges' g)

Study Estimate [95% CI] Study Estimate [95% CI]

cT2.1 — 0.00 [-0.51, 0.51] cT2.1 - 0.48 [-0.08, 1.02]

cTS —— 0.45[:0.08, 1.02] cTsS 0.88[0.25, 1.51]
cuu A —_— 0.10[-0.88, 0.49] cuu A L E— 0.29[:0.22, 1.01]
cuuzz2 ——=——  1.12[052 170] cuuz2 163092, 233
cuuza —_— 0.34[-1.04, 0.25] cuuaa —_— 0.25[-0.85, 0.42]
cuu41 —a 0.22 [0.58, 0.12] cuu4.1 —at 0.24-0.89, 0.11]
Pa1A — 0.05[-0.45, 0.56] PATA _—— 0.28[-0.15, 0.90]
Random-Effects Model — 0.13[:0.11, 0.26] Random-Effects Model ————— 0.44[:0.20, 1.08]
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Random-Effects Model e 0.14 [0.44, 0.71] Rsndom-Effects Model —p—— 0.28 [0.15, 0.71)
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Figure 5. Grand mean effect of study design KI+SL on technology integration practices (ICAP)

Notes. Study-level Hedges’ ¢ estimates are shown with 95% confidence intervals. The pooled effects were estimated using random-
effects models. The figure reports effects for the KI+SL condition, separately for four ICAP indicators: passive, active, constructive,
and interactive learning activities. Each ICAP indicator was measured with three items adapted from Antonetti et al. (2023), rated on
a S5-point Likert scale. Higher scores indicate more frequent or stronger use of technology regarding the respective type of learning
activity. Passive activities refer to informing, demonstrating, and explaining learning content; active activities refer to recording,
repeating, practicing, and applying imparted knowledge; constructive activities refer to individually acquiring new knowledge,
developing solutions, and creating new products; and interactive activities refer to developing knowledge with others, discussing
different viewpoints, and working collaboratively on complex problems. Black squares represent study-specific point estimates, with
horizontal lines indicating 95% confidence intervals. The diamond represents the pooled random-effects estimate for each ICAP

indicator.

Turning to the contrast models in Table 4, which compare KI-only against KI+SL with KI-only as the
reference category, the KI+SL coefficient is near zero for interactive and active technological integrations (-

0.024 and -0.137 SD units, respectively), and positive but non-significant for constructive integration (0.246
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SD units) and passive integration (0.241 SD units). The post-test-only sensitivity analysis (Model 2 in Table
4) largely confirms these pre-post findings. The most notable signal from the post-only models is a moderate

positive estimate for passive integration (g = 0.469), favouring KI+SL, but this remains non-significant.

Substantively, the ICAP results suggest that if KI+SL has any advantage over KI-only, it is most plausible for
constructive technology integration — tasks in which trainees individually acquire new knowledge, develop
solutions, or create new products. This is theoretically coherent: situated learning that grounds teacher
training in authentic classroom scenarios may be most likely to shift teachers toward designing tasks that
require students to construct and generate knowledge while using educational technology. However, the

current evidence base is insufficient to distinguish this interpretation from sampling variation.

4.3. Hypotheses 3: Collaborative design and beliefs, attitudes, and self-efficacy

H3 predicted that training designs incorporating collaborative design (CD) would produce potential gains in
self-efficacy outcomes, and they can be larger than in the case of KI-only training designs. Because the KI+CD
design category contributes only four cases for most outcomes, the analysis pools KI+CD and KI+CD+SL
into a broader CD-containing group and contrasts it against all non-CD training (KI-only and KI+SL

combined). This pooling is acknowledged as an approximation.

The grand mean effects for the CD-containing group, reported in Table 3 and displayed in Figure 6, are
positive for all outcomes. The pooled effect on self-efticacy for digital teaching is 0.258 SD units, but not
statistically significant. Institution-level variance is non-negligible (v*; = 0.148), indicating that institutional
design traditions account for a meaningful share of between-case variance. For self-efficacy for SRL
instruction, the grand mean is 0.198 SD units, also positive and not statistically significant, with similarly large
institution-level variance (7%, = 0.186). In the case of the digital competence measure, which is more a self-
evaluation of teaching and learning principles, the grand mean is again positive 0.964 SD units — the effect is
very large, but insignificant (we have only 5 studies which report it). So the institutional variation is much

smaller, because most observations come from one institution (TLU).

All CD-containing interventions produce positive gains in teachers' digital competence, with study-level
effect sizes ranging from moderate to very large (g = 0.74-3.946). The grand mean effect is also large (g =
0.96), indicating substantial improvements in self-reported digital competence. However, the confidence
interval around the pooled estimate was wide and included zero, suggesting considerable uncertainty
regarding the precise magnitude of the average effect. Consequently, the results provide encouraging but not

conclusive evidence that collaborative-design training enhances teachers’ digital competence.

The pairwise contrast between CD-containing and non-CD cases (Table 4, H3 block) shows a positive gain
for self-efficacy for digital teaching (g =0.178) and teachers’ digital competence (g = 0.817), but non reach
statistical significance. For self-efficacy for SRL instruction, the contrast coefficient is negligible (—0.034).
The Satterthwaite degrees of freedom are approximately 1.9-2.5 across H3 contrast models, confirming that

only two to three independent institutional clusters effectively inform these tests.
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Figure 6. Grand mean effect of CD-containing training on self-efficacy for digital teaching and SRL

instruction

Notes. The figure presents study-level and pooled random-eftects estimates for CD-containing training designs on two self-efficacy
outcomes: self-efficacy for digital teaching (left panel) and self-efficacy for indirect SRL instruction (right panel). Effect sizes are
reported as Hedges’ g with 95% confidence intervals. Black squares represent study-specific estimates, with square size proportional
to study weight in the meta-analysis. Horizontal lines indicate 95% confidence intervals. The diamonds at the bottom of each panel
represent the pooled random-effects estimates. Positive values indicate higher post-test than pre-test scores. The vertical dashed line
marks zero effect. CD-containing training designs include KI+CD and KI+CD+SL interventions. Self-efficacy for digital teaching
was measured using a self-report instrument adapted from Van Acker et al. (2013), whereas self-efficacy for SRL instruction was
measured using items adapted from De Smul et al. (2018). Teachers’ digital competence was assessed using a 12-item DigCompEdu-
based self-report scale adapted from Lucas et al. (2021). Items were rated on a 5-point Likert scale (1 = not true at all to 5 = completely

true); higher scores indicate self-reported greater pedagogical digital competence.

The post-test-only sensitivity analysis (Model 2 in Table 4) shows positive but non-significant estimates for
all estimates: g = 0.487 for digital teaching self-efficacy, g = 0.511 for SRL instruction self-efficacy and g =
0.640 for teachers’ digital competence. The directional consistency between pre-post and post-only models
for self-efficacy for digital teaching and teachers’ digital competence is noteworthy: across grand mean,

contrast, and post-only estimation strategies, CD-containing training is consistently associated with positive
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estimates on this outcome. While none of these estimates achieves conventional significance, this pattern

provides more substantive confidence than a single non-significant estimate would.

This directional consistency is theoretically plausible. Collaborative design, by involving teachers in joint
planning and co-construction of technology-enhanced lessons, may strengthen professional agency and
perceived competence — outcomes that align with the mechanisms through which self-efficacy is expected
to develop (Bandura, 1997; Tondeur et al., 2012).

4.4. Hypotheses 4: Complex training for intended classroom adoption and ICA(P)

Hypothesis 4 addresses whether more complex training designs produce stronger effects than training based
on knowledge instruction alone. The original intention was to compare all four training designs separately:
KI-only, KI+SL, KI+CD, and KI+SL+CD. However, the number of cases within each design category is too
small to supporta reliable comparison across all four groups. A fully disaggregated moderation analysis would
therefore risk overinterpreting differences that may be driven by a small number of studies or influential
observations. For this reason, we conduct a simplified complexity analysis. We distinguish between KI-only
and more complex training designs, where the latter category combines all interventions that add at least one
practice-oriented component to knowledge instruction. This means that KI+SL, KI+CD, and KI+SL+CD
are grouped. Also, due to a small number of cases, we rely only on three components of ICAP: interactive,

constructive, and active and on intended adoption of technology.

Figure 7 and Table 3 present the effects of KI+ training on intended technology adoption and ICA(P)-based
technology integration outcomes. Across outcomes, both KI+ training designs produced positive effects. For
intended technology adoption, the grand mean effect was small and positive (g = 0.13), indicating modest

improvements in teachers’ intended use of the learned technologies or methods.

For ICAP-related outcomes, the strongest pooled effects were observed for constructive (g = 0.40, also
statistically significant ) and active (g = 0.30) technology integration, whereas effects for interactive
integration (g = 0.25) were smaller and statistically uncertain due to wider confidence intervals. These findings
suggest that KI+ training may be particularly effective in supporting technology use that promotes active
engagement and individual knowledge construction, while effects on collaborative and interactive technology
use appear less consistent across studies. Overall, the evidence does not indicate a clear or systematic advantage

of more complex training designs over KI-only approaches.
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Figure 7. Grand mean effect of more complex designs on intended technology adoption and ICA(P)

Notes. Study-level Hedges’ g estimates are shown with 95% confidence intervals. Black squares represent study-specific point
estimates, with horizontal lines indicating 95% confidence intervals. Diamonds represent pooled random-effects estimates for each
outcome. Technology adoption was measured with four self-report items adapted from Ley et al. (2021), rated on a 6-point Likert
scale. The items assess teachers’ intentions to apply the newly learned method or technology in their own teaching, promote its use
within their school, continue using it over time, and perceive it as an effective instructional approach. Higher scores indicate stronger
intended adoption of the learned method or technology. ICA(P)-based technology integration outcomes were measured with three
items per indicator adapted from Antonietti et al. (2023), rated on a S-point Likert scale. Higher scores indicate more frequent or
stronger use of technology in relation to the respective type of learning activity. Active refers to recording, repeating, practicing, and
applying knowledge; Constructive refers to individually generating new knowledge, developing solutions, and creating new products;
and Interactive activities refer to collaboratively constructing knowledge, discussing alternative perspectives, and solving complex
problems together. More complex training designs combine all non-KI-only interventions, including KI+SL, KI+CD, and
KI+SL+CD.

The significant residual heterogeneity test (Appendix 1) and Table 4 indicates that variability in effect sizes
remains after accounting for the complexity contrast, suggesting that the KI-only versus more complex design
distinction does not fully explain between-study differences. At the same time, the moderator coefficient
comparing KI-only and more complex training designs was small and statistically non-significant, providing
no evidence that more complex designs produced stronger effects on technology adoption. Given the limited
number of clusters and the wide confidence intervals around the moderator estimates, these findings should
be interpreted cautiously and are insufficient to fully support H4 for intended technology adoption. Still,
regarding Active and Constructive intended technology integration, we find complex designs to be

very efficient.
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The complexity analysis reported in this Section compares Kl-only training with more complex training
design. However, training complexity may be partly confounded with training duration (Appendix 2).
More complex designs often require more time because they include additional practice-oriented
components, such as situated learning, collaborative design, reflection, or classroom-related application.
Therefore, larger effects in more complex designs may reflect not only the additional training components
but also the longer time available for teacher learning. To explore this issue, Appendix 2 presents descriptive
visualisations of the relationship between training complexity, training duration, and pre-post gains in
adoption and ICAP-based technology integration outcomes. These figures are not intended as formal causal
tests. Instead, they provide a visual robustness check for the interpretation of H4: whether the apparent
advantage of more complex training designs may be explained by duration. Overall, the appendix suggests
that duration is an important contextual factor when interpreting the complexity results. The descriptive
evidence is compatible with the idea that more complex trainings are associated with larger gains in adoption
and ICA(P) outcomes, but it also indicates that duration may partly account for this association. Therefore,
the results should be interpreted as exploratory evidence that training complexity and duration jointly matter,

rather than as proof that complexity alone produces stronger effects.

4.5. Summary and robustness of the results

Table 3 provides an overall summary of pre—post changes across the included intervention conditions. Across
outcomes, the estimated effects vary in size and precision, indicating that the interventions were not
uniformly associated with change across all domains. Some outcomes show positive average effects, while
others are close to zero, suggesting that intervention effects may depend on the targeted competence area and
the specific training design. The heterogeneity estimates further indicate meaningful variation between effect

sizes, supporting the use of random-effects models and robust standard errors.

For the robustness test, we estimated parallel multilevel random-effects meta-regression models using both
pre—post gain-score estimates (Model 1) and post-only matched-pair comparisons (Model 2). The purpose of
the robustness analysis was to assess whether the observed contrast effects between training designs remain
substantively similar across alternative model specifications and outcome operationalisations. Whereas the
pre—post models capture within-group change over time, the post-only models provide a more conservative

comparison between intervention conditions at the post-test stage only.
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Table 3. Grand mean effects: pre-post multi-level random-effects models

Outcome variable Est. (SE) Lower Upper L 7, (%) k m
H1: KI-only
-0.086
Technological potential -0.282 0.111 0.000 0.037 41.62 10 5
(0.054)
-0.076
Educ. psych. principles —-0.502 0.350 0.000 0.030 36.45 9 4
(0.093)
H2: KI+SL
0.129
ICAP: Interactive —-0.106 0.365 0.000 0.159 69.42 7 3
(0.042)
0.439
ICAP: Constructive ~0.203 1.082 0.000 0.310 7984 7 3
: (0.114)
0.135
ICAP: Active —0.444 0.714 0.000 0.251 77.80 7 3
(0.103)
0.279
ICAP: Passive -0.147 0.705 0.000 0.385 83.55 6 3
(0.070)
-0.009
Technology adoption —1.407 1.389 0.214 0.066 78.11 5 3
(0.322)
H3: +CD
0.258
Self-eft. digital teaching —0.769 1.285 0.148 0.020 80.03 8 3
(0.238)
0.198
Self-eff. SRL indirect instruction (0.283) -1.026 1.423 0.186 0.062 84.96 8 3
Teachers’ digital competence 0.964(0,236)  -2.018 3.946 0085 0000 5966 5 0
H4: KI+
0.126
Technology adoption -0.329 0.581 0.012 0.122 72.59 13 5
(0.140)
0.248
ICAP: Interactive -0.161 0.656 0.000 0.129 72.02 12 4
(0.091)
0.396*
ICAP: Constructive 0.166 0.626 0.000 0.152 74.57 12 4
(0.051)
0.302-
ICAP: Active —0.050 0.654 0.000 0.143 73.76 12 4
(0.078)

Notes. Estimates are pooled standardized gain-score effect sizes from multilevel random-effects meta-analytic models estimated using
restricted maximum likelihood (REML). Confidence intervals are reported aslower and upper bounds of the 95% confidence interval.
T2and Trepresent estimated variance components at the institution and study/effect-size levels, respectively. I2indicates the
proportion of total variability attributable to heterogeneity rather than sampling error. k denotes the number of effect-size estimates
included in the model; m denotes the number of institutions/clusters contributing those estimates. Cluster-robust standard errors
(CR2 estimator) with Satterthwaite-adjusted degrees of freedom were applied at the institution level. Where institution-level variance
converged to zero, two-level specifications were estimated while retaining institutional clustering in the robust variance estimation.

p <0.1.

Table 4 reports the contrast effects between different training designs across knowledge, technology
integration, and self-efficacy outcomes. Overall, the results provide limited evidence for systematic differences
between training configurations. Across most comparisons, the estimated effects are relatively small and

statistically insignificant, with confidence intervals crossing zero in both model specifications. This suggests

that the differences between the contrasted intervention types are generally modest and sensitive to sampling
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variability.

Table 4. Contrast effects: pre-post models (Model 1) and post-only matched pairs (Model 2)

Model 1: Pre-post

Model 2: Post-only

Intervention Outcome  Est. (SE) Lower Upper 7%, 7%,

I*(%)  Est.(SE)Lower Upper v, 7, I¥%) k m

H1: KI-only vs. KI+SL — KI+SL as reference training
Technological potential ~ 0.051  —1.057 1.160 0.010 0.074

5913 0302 -0.822 1.427 0.096 0.039 50.15 17 5

(0.246) (0.23)

Educ. psych. principles -0.150  -1.690 1.390 0.000 0.194 7637 -0.317 -1.464 0.830 0.000 0.427 7528 16 4
(0.323) (0.157)

H2: KI-only vs. KI+SL — KI-only as reference training

ICAP: Interactive -0.024 -0.851 0.802 0.000 0.172 73.46 0.024 -1.070 1.119 0.114 0.005 47.19 15 4
(0.177) (0.23)

ICAP: Constructive 0.246  —0.850 1.341 0.000 0.276 80.78 —0.046 —-1.234 1.141 0.108 0.041 52.74 15 4
(0.231) (0.243)

ICAP: Active -0.137 -0.493 0.220 0.000 0.277 81.21 -0.030 -1.484 1.425 0.179 0.111 68.18 15 4
(0.078) (0.306)

ICAP: Passive 0.241  -0.635 1.116 0.000 0.428 86.35 0.469 —0.732 1.669 0.036 0.127 54.42 14 4
(0.182) (0.196)

Technology adoption -0.149 -1.734 1.437 0.013 0.117 68.66 —0.083 -2.403 2237 0.649 0.223 86.04 11 S
(0.444) (0.523)

H3: + CD vs. non-CD — non-CD as reference training
Self-eff. digital teaching ~ 0.178  —0.267 0.623 0.058 0.045

66.69 0.487 —1.848 2.823 0.291 0.414 84.95 255

(0.470)

7548 0511 —1.357 2379 0435 0.021 76.19 235
(0.431)

7151 0.64  -4192 S478 0.071 0.547 8353 21 4
(0.38)

(0.098)

Self-eff. SRL instruction ~ —0.034 —1.254 1.186 0.024 0.154
(0.340)

Teachers’ digital 0.817  -1.153 2.787 0.011 0.140

competence (0.265)

Hé4: KI+ vs. KI-only — KlI-only as reference training

Technology adoption —-0.002 -0.814 0.810 0.000 0.102
(0.258)

ICAP: Interactive 0.097  =0.725 0.919 0.000 0.149
(0.200)

ICAP: Constructive 0.215  —0.578 1.008 0.000 0.188
(0.191)

ICAP: Active 0.043  —-0.441 0.527 0.000 0.201
(0.120)

67.04 0.189 —0.728 1.106 0.000 0.707 84.66 19 S
(0.193)

73.94 0.034 —0.587 0.656 0.000 0.097 44.87 20 4
(0.109)

7768 —0.058 —0.794 0.679 0.051 0.118 58.42 20 4
(0.181)

7892  —0.115 —0.997 0.766 0.135 0.146 69.80 20 4
(0.247)

Note. Estimates are pooled standardized mean differences from

multilevel random-effects meta-regression models comparing

intervention types. Model 1 reports pre—post comparisons based on gain-score effect sizes, whereas Model 2 reports post-only

comparisons. Estimates are interpreted relative to the designated reference training condition shown in each hypothesis block. Lower

and Upper refer to the bounds of the 95% confidence interval. T?and T% represent estimated variance components at the institution

and study/effect-size levels, respectively. 2 indicates the proportion of total variability attributable to heterogeneity beyond sampling

error. Models were estimated using restricted maximum likelihood (REML) with cluster-robust standard errors (CR2) and

Satterthwaite-adjusted degrees of freedom at the institution level.

Where institution-level variance converged to zero, two-level

specifications were estimated while retaining institutional clustering in the robust variance estimation. kdenotes the number of effect-

size estimates and mthe number of institutions/clusters included in each model.
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For H1, comparing KI-only with KI+SL training, the results do not indicate clear advantages of trainings
with a knowledge instruction focus only for knowledge-related outcomes. The estimated contrasts for
technological potential and educational psychology principles remain close to zero in both the pre—post and
post-only models. Similarly, for H2, the contrasts between KI-only and KI+SL training on ICAP-based
technology integration outcomes are inconsistent and statistically insignificant across passive, active,

constructive, and interactive integration outcomes, as well as technology adoption.

The H3 comparisons between CD-containing and non-CD training designs likewise show no robust
differences for self-efficacy outcomes. Although the post-only estimates are somewhat larger in magnitude,
the confidence intervals are wide, indicating substantial uncertainty in the estimated effects. Finally, the H4
complexity comparisons between KI+ and KI-only designs also yield generally small and non-significant

effects across technology adoption and ICAP-based integration outcomes.

Taken together, the robustness analyses suggest that the overall conclusions are relatively stable across
modelling strategies. While descriptively more complex training designs sometimes show somewhat larger
positive estimates, the contrast models do not provide strong statistical evidence that any particular training
configuration systematically outperforms the others across outcomes. At the same time, the relatively high
heterogeneity estimates indicate considerable between-study variation, suggesting that contextual and

implementation-related factors may moderate intervention effectiveness.

Conclusions

This study examined whether different teacher-training designs are associated with differential gains in
teachers’ pedagogical digital competence (PDC). Using a coordinated multi-country dataset of 25
intervention cases, the analysis compared training designs based on knowledge instruction (KI), situated
learning (SL), and collaborative design (CD), both separately and in combination. The contribution of the
study lies not only in estimating pooled intervention effects — grand mean effects, but also in testing
theoretically motivated expectations regarding which training components are most strongly associated with

specific dimensions of PDC.

Overall, the findings provide only limited support for the assumption that more complex training designs
systematically outperform simpler ones. The KI-only interventions did not produce positive average effects
on knowledge-related outcomes, and the estimated effects for technological potential and educational
psychology principles were small, negative, and statistically insignificant. This suggests that conceptual
knowledge acquisition may be more difficult to achieve through short-term professional development than
often assumed, or that knowledge-related outcomes are particularly sensitive to measurement conditions such
as test fatigue and repeated exposure to the same items. Also, the instrument to measure knowledge outcomes
should perhaps be situation-specific, not general. The results, therefore, do not support knowledge

hypotheses.

The findings for situated learning are somewhat more encouraging, although still uncertain. KI+SL training
designs were associated with positive average effects on ICAP-based technology integration outcomes,

particularly for constructive forms of technology use. These results are theoretically meaningful because
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constructive technology integration reflects more advanced forms of pedagogical engagement than simple or
passive technology use. However, the confidence intervals remain wide and include zero across most
outcomes, indicating that the evidence is suggestive rather than conclusive. The moderation analyses also
show substantial heterogeneity across studies, implying that the effectiveness of situated learning depends
strongly on implementation context and training conditions. Consequently, ICAP (constructive)

technology-integrated practices hypotheses receive only weak support.

Similarly, the results for collaborative design provide only partial support for H3. KI+CD and KI+CD+SL
interventions showed positive descriptive trends for self-efficacy-related outcomes, but the estimated pooled
effects were small and statistically insignificant. This suggests that collaborative elements may contribute to
teachers’ confidence and perceived competence, but the available evidence is not strong enough to conclude
that collaborative design systematically improves attitudes and self-efficacy outcomes. One possible
explanation is that collaborative activities vary substantially in quality, intensity, and classroom relevance
across interventions. Collaborative design may therefore be beneficial only when sufficiently integrated with

authentic practice and implementation support.

The complexity analysis also failed to provide robust support for the assumption that more complex multi-
component training designs produce consistently stronger gains in technology adoption and classroom-
oriented technology integration. Although some descriptive patterns suggest larger gains for constructive and
interactive technology integration in more complex interventions, the contrast models indicate that these
differences are unstable and highly heterogeneous. The supplementary analyses in Appendix 2 further suggest
that training duration may partly account for the observed patterns. More complex interventions also tend
to be longer, making it difficult to separate the effects of training complexity from the effects of increased
exposure time, practice opportunities, and reflection. It can still be argued that simple descriptive analysis will
not allow addressing the complex matter adequately, perhaps both long-simple and short-complex will
produce negative outcomes. Configuration of these factors might play an important role. According to
current analysis, the complexity hypothesis is only partially confirmed — ICAP technology integration

practice (constructive) was supported by complex training.

A central finding across all analyses is the substantial heterogeneity between intervention cases. Variation
across institutions, delivery modes, participant groups, and implementation contexts remains large even after
accounting for training design categories. This suggests that broad classifications such as KI, KI+SL, or
KI+CD may be too coarse to fully explain differences in effectiveness. In practice, the success of teacher
professional development may depend less on whether a programme formally includes situated learning or
collaborative design, and more on how these elements are implemented, integrated into teachers’ professional

contexts, and connected to classroom practice.

Methodologically, the study demonstrates both the strengths and limitations of within-project meta-analysis.
The coordinated measurement framework across countries and institutions provides substantially greater
conceptual comparability than conventional meta-analyses synthesising unrelated studies. At the same time,
the relatively small number of intervention cases limits statistical power and increases sensitivity to influential
observations. The robustness analyses using post-test-only matched comparisons nevertheless suggest that the

overall conclusions remain broadly stable across alternative modelling strategies.
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Taken together, the findings suggest a cautious interpretation of claims about “effective” teacher-training
designs for pedagogical digital competence. The results  do not support the idea that simply adding more
components automatically improves training outcomes. Instead, the evidence points toward a more context-
dependent understanding of teacher professional development, where implementation quality, training
duration, participant engagement (and reactions to training), and institutional context may matter or mediate

the effects of a formal training design.
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Appendix 1: Sensitivity analyses (funnel plots)

This appendix reports funnel plots used as sensitivity checks for the meta-analytic models reported in the
main text. The purpose of these plots is to assess whether the estimated effects are influenced by small-study
imprecision, asymmetry, or individual influential observations (studies). They must be used descriptively to

evaluate the robustness of the pooled estimates and moderator contrasts.
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Figure A1.1. Funnel plots for KI-only effects on knowledge outcomes.

Notes. The panels show funnel plots for the KI-only random-effects models for technology potential and educational psychology
principles. Points represent study-level Hedges’ g estimates. The vertical line indicates the pooled effect estimate. The plots are used
as descriptive sensitivity checks for asymmetry and influential observations. Because the number of cases is small, the plots should not

be interpreted as formal tests of publication bias.
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Figure A1.2. Funnel plots for KI+SL effects on ICAP-based technology integration

Notes. The panels show funnel plots for the KI+SL random-effects models for passive, active, constructive, and interactive
technology integration. Points represent study-level Hedges’ g estimates. The vertical line indicates the pooled effect estimate for each

ICAP indicator. The plots are used to assess whether the pooled effects are visually influenced by imprecise or influential studies.
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Panel C: Teachers’ digital competence

Figure A1.4. Funnel plots for KI+CD effects on attitudes and self-efficacy outcomes

Notes. The panels show funnel plots for KI+CD models where a sufficient number of cases was available only if KI+CD+SL cases
were added. Points represent study-level Hedges’ ¢ estimates. The vertical line indicates the pooled effect estimate for each ICAP

indicator. The plots are used to assess whether the pooled effects are visually influenced by imprecise or influential studies.
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Notes. The funnel plot shows study-level Hedges’ ¢ estimates from the random-effects model comparing KI-only training with more
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complex non-KI-only training designs. The non-KI category combines KI+SL, KI+CD, and KI+SL+CD. The vertical line indicates
the pooled estimate. The plot is used as a descriptive sensitivity check for asymmetry and influential observations. Because the non-

KI category combines theoretically different training designs, the plot should be interpreted cautiously.
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Appendix 2: Are longer trainings associated with bigger gains (is it complexity

or just duration)

Figure A2.1 shows the descriptive association between training complexity and gains in technology adoption
and ICAP outcomes. The figure suggests a generally positive gradient from KI-only to higher-complexity
training designs, especially for active, constructive, and interactive technology integration. This pattern is
consistent with the expectation that more complex trainings may support more advanced forms of classroom-

oriented technology use.
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Points show study-level effects; black points and lines show weighted mean approximate Hedges' g

Figure A2.1. Descriptive association between training complexity and gains in adoption/ICAP outcomes

Notes. The figure reports weighted mean approximate Hedges’ ¢ estimates for technology adoption and ICAP-based technology
integration outcomes by training complexity. KI-only refers to training based only on knowledge instruction. Medium-complexity
trainings include designs that add either situated learning or collaborative design to knowledge instruction. High-complexity trainings
include designs combining knowledge instruction, situated learning, and collaborative design. Positive values indicate higher post-test

than pre-test SCores.

Figure A2.2 adds training duration to the same descriptive comparison. The size of the points indicates the
mean duration of trainings within each complexity category. The figure shows that high-complexity designs
tend to have longer average duration. This suggests that the observed gains may reflect a combination of
training complexity and training intensity. In other words, the positive pattern may not be attributable solely
to the presence of situated learning or collaborative design, but also to the fact that more complex training

provides more time for practice, reflection, and transfer.
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Opverall, the appendix suggests that duration is an important contextual factor when interpreting the
complexity results. The descriptive evidence is compatible with the idea that more complex trainings are
associated with larger gains in adoption and ICAP outcomes, but it also indicates that duration may partly
account for this association. Therefore, the results should be interpreted as exploratory evidence that training

complexity and duration jointly matter, rather than as proof that complexity alone produces stronger effects.
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Figure A2.2. Descriptive association between training complexity, gains in adoption/ICAP outcomes and

duration of the training

Notes. The figure reports weighted mean approximate Hedges’ g estimates for technology adoption and ICAP-based technology
integration outcomes by training complexity. Point size indicates the mean duration of training within each complexity category.

Larger points represent longer average training duration. Positive values indicate higher post-test than pre-test scores.
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Are more complex teacher trainings worth the cost? Cost-
efficiency analysis of training designs for building

pedagogical digital competence

Abstract

This study examines the cost-efficiency of teacher-training interventions aimed at developing pedagogical digital
competence (PDC). Using cross-country data from teacher-training interventions implemented in Estonia, Germany,
Finland, and Israel, we compare training designs combining knowledge instruction (KI), situated learning (SL),
collaborative design (CD), and mentoring/coaching (MC). Outputs are measured as pre—post gains: perceived
technological potential of ICT, self-assessed digital competence, and self-efficacy for digital teaching. Inputs combine
fixed and variable training costs measured in time units. We test three hypotheses on the cost-efficiency of teacher-
training designs. First, we expected KI+CD to be more cost-efticient than KI-only training in producing learning-related
gains in knowledge-related beliefs, attitudes, and self-assessed competence. This hypothesis is not robustly supported.
Second, we expected more complex multi-component designs to show lower cost-efficiency because of diminishing
marginal returns to training complexity. This hypothesis is also not supported. Third, we expected face-to-face and
online delivery to be more cost-efficient than blended delivery. This hypothesis is partly supported. Online delivery is
consistently associated with higher efficiency than blended delivery, whereas the evidence for face-to-face delivery is
weaker and not statistically robust. Overall, the findings suggest that cost-efficiency depends less on the training design

and more on the combination of training design, delivery mode, participant group, and resource use in practice.

1. Introduction

Preparing teachers for an increasingly digital learning environment is shown (Tondeur et al. 2025) to be a
complex interplay of macro, meso, and micro factors. We contribute to this literature by studying only micro
factors that support pedagogical digital competence (PDC) of teachers and adding a cost dimension to the
benefits. Evidence suggests (e.g. Buchner & Hofmann, 2022) that richer, more complex training designs may
yield stronger learning outcomes. Far less is known about their comparative efficiency once the financial,

organisational, and human resource demands of implementation are taken into account.

This study examines how cost-efficient different teacher-training designs are in developing PDC. We estimate
the efficiency gains of trainings that combine four methods — knowledge instruction (KI), collaborative
design (CD), situated learning (SL), and mentoring/coaching (MC) - while controlling for environmental
factors. We also test whether group characteristics affect training efficiency, such as whether participants are

pre-service or in-service teachers and their average age.

The study addresses three research questions: 1. Are there patterns in the cost and gain structures across the
different training designs? 2. How do different teacher training designs compare in cost-efficiency for
developing pedagogical digital competence? 3. Which contextual factors — delivery mode and group

characteristics — contribute to training efficiency?
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Drawing on self-collected cross-case data from four European countries, we assembled a dataset of 29 training
interventions (13 for in-service and 12 for pre-service teachers) covering different instructional designs and
delivery modalities, including blended, online, and face-to-face formats. We use a set of techniques for cost
efficiency  analyses. First, we apply Data Envelopment Analysis (Simar & Wilson, 1998, 2000, 2007) -
DEA, a semi-parametric method, which allows us to estimate efficiency scores for each training intervention
based on multiple outputs and subsequently find covariant effects to explain how group characteristics, such
as participant and group characteristics, affect efficiency scores. Second, we test the robustness of our results

by applying the Stochastic Frontier Analysis, SFA (Aigner et al., 1977; Horrace & Schmidt, 1996).

Output variables capture changes in Kirkpatrick’s level 2 (Kirkpatrick & Kirkpatrick 2000, 2016) self-assessed
variables — knowledge, attitudes, and skills — measured through pre- and post-assessments of teachers’
perceived technological potential of ICT (Lachner et al. 2019), self-assessed digital competence (Lucas et al.
2021), and self-efficacy for digital teaching (Van Acker et al. 2013). Inputs combine fixed costs, such as
administration and course development, with variable costs linked to delivery, including participant time and

instructional hours.

So, we investigate whether more complex teacher-training designs justify their additional costs when the goal
is to improve teachers’ pedagogical digital competence. We evaluate training efficiency by linking learning-
related outcomes—teachers’ perceived technological potential of ICT, self-assessed teachers’ digital
competence, and self-efficacy for digital teaching—to the resources required for implementation. Using both
DEA and SFA, we compare different training formats, including knowledge instruction  (KI), collaborative
design (CD), situated learning (SL), and mentoring/coaching (MC) while accounting for the delivery mode
and level of teachers in the training. The findings suggest that training complexity alone does not determine
efficiency: some simpler formats are not necessarily more efficient, while certain complex designs can generate
strong learning gains relative to the resources invested. In particular, online delivery and situated learning

appear promising, whereas evidence for collaborative design remains inconclusive.

We continue as follows. First, we discuss the underlying mechanism of why teaching methods should have
different effects on PDC. We then describe our data, highlighting a unique feature of the dataset: cost
dimensions associated with each training intervention. Third, we discuss the data analysis method, focusing
on the debate between discretionary and nondiscretionary variables, and give our results. Finally, we discuss

implications related to the results and concentrate on limitations.
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2. Theoretical premises

2.1. What are the mechanisms to enhance digital pedagogical competencies through the

design of teacher training?

Different training designs are expected to affect attitudes and self-assessed competence through partly
different mechanisms. Knowledge instruction (KI) should primarily influence teachers’ understanding of the
technological potential of ICT, because it provides conceptual knowledge about when and why digital
technologies can support learning. KI may also improve broad self-assessed digital competence, especially
when it focuses on pedagogical rather than purely technical uses of technology. However, KI alone is less
likely to produce strong gains in self-efficacy, because confidence usually depends on opportunities for

practice, feedback, and successful enactment.

Situated learning (SL) may improve self-assessed digital competence, especially in areas related to planning,

implementation, adaptation, and learner-centred technology use, which we unfortunately cannot control for.

Collaborative design (CD) is expected to have the strongest effect on self-efficacy for digital teaching. By
engaging teachers to apply, test, and reflect on digital teaching practices, it can build mastery experiences,
which are central to the development of self-efficacy. Through joint lesson planning, peer discussion, and co-

construction of teaching materials, CD can support self-efficacy.

Mentoring or coaching (MC) is expected to be especially relevant for self-efficacy for digital teaching, because
it provides individualised feedback, expert support, and social encouragement. These elements help teachers
move from general knowledge to confident implementation. MC may also improve self-assessed digital
competence, particularly in relation to diagnosing learner needs, selecting appropriate tools, and adapting

practice over time.

In summary, the technological potential of ICT is the most knowledge-intensive outcome and should
respond most clearly to KI and CD. Self-efficacy for digital teaching is the most experience- and peer-
feedback-sensitive outcome and should respond most strongly to CD and MC. More complex training
designs may therefore produce broader gains, but they also require more time, support, and organisational

resources.

Different training designs are expected to influence outcomes through different pedagogical mechanisms, but
they also differ substantially in the resources required for implementation. Research on teacher professional
development shows that interactive and practice-oriented approaches, such as collaborative design, coaching,
and mentoring, often produce stronger learning effects because they provide opportunities for feedback,
reflection, and active experimentation (Darling-Hammond et al., 2017; Desimone & Garet, 2015). However,
these approaches also require more coordination, facilitation time, and sustained participant support,
increasing both fixed and variable training costs. Simpler knowledge-based instruction may therefore be less
resource-intensive, even if it produces narrower learning effects. The central question is whether the

additional learning gains from more complex training designs are large enough to justify their additional costs.
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2.2. Training complexity, costs, and the efficiency hypothesis

Each additional training method added to a programme increases its resource demands. Collaborative design
requires facilitated group sessions and shared workspace. Situated learning requires fieldwork coordination,
classroom access, and observation; most of these costs are not covered by training institutions. In addition,
mentoring and coaching require individualised follow-up, expert time, and sustained engagement. As a result,

we argue, multi-component designs carry substantially higher fixed and variable costs than KI-alone.

Whether these additional costs are justified depends on whether marginal output gains keep pace with
marginal cost increases. Measuring marginal costs is a challenge. The teacher training empirical literature
provides mixed evidence. Some studies demonstrate that more elaborate designs produce stronger learning
outcomes (Buchner & Hofmann, 2022). Others note that quality gains and efficiency do not always move
together — more intensive programmes may deliver modest incremental benefits relative to their additional
cost (Darling-Hammond et al., 2017).

Training designs differ not only in their expected pedagogical effects but also in their cost structure. Simpler
approaches, such as knowledge instruction (KI), mainly involve course preparation and delivery costs. In
contrast, collaborative, situated, and mentoring-based approaches typically require additional facilitation,
coordination, participant support, and follow-up activities. These elements increase both fixed costs, such as
course development and infrastructure, and variable costs, such as trainer time and mentoring support. As
training complexity increases, programmes may therefore achieve broader learning effects, but also require

substantially greater organisational and financial resources.
We therefore hypothesise that:

H1: KI+CD will show higher cost-efficiency in learning-related changes in knowledge-related beliefs,

attitudes, and self-assessed competence

H2: More complex multi-component designs will show lower cost-efficiency than simpler designs,

reflecting diminishing marginal returns to training complexity.

H3: Face-to-face and online delivery will be associated with higher cost-efficiency than blended
delivery, as blended formats incur coordination and infrastructure costs without commensurate output
gains. Also, face-to-face and blending trainings require infrastructure costs, which can be avoided in the case

of online delivery.

3. Method and data

3.1. Overview of interventions

Data were collected from five partner institutions in four countries as part of a collaborative international
research project on teachers’ pedagogical digital competence (PDC). A total of 29 training interventions were
collected across five partner institutions; we also have some pilot studies, which increased the number of

individual studies.
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Table 5 reports the distribution of training interventions by institution and treatment design. Trainings were
designed so that they apply different sets of training methods: KI, KI+SL, KI+CD, KI+CD+SL and
KI+CD+SL+MC. The primary analytical sample comprises 27 interventions, excluding PO2.1 because of an

outlier cost structure and the KI+CD+SL+MC case because it forms a singleton treatment cell.
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Table 5. Training designs by institutions

Institution Total KI KI+SL KI+C KI+CD+S KI+CD+SL+M  Country

D L C
TLU 13 3 2 3 4 1 Estonia
ULM 8 4 4 0 0 0 Germany
UAU 2 1 1 0 0 0 Germany
OULU 2 0 1 1 0 0 Finland
TAU 4 1 2 0 1 0 Israel
Total 29 9 10 4 S 1

Notes. KI = Knowledge Instruction; SL = Situated Learning; CD = Collaborative Design; MC = Mentoring/Coaching; TLU =
Tallinn University; ULM = Universitit Ulm; UAU = Universitit Augsburg; OULU = University of Oulu; TAU = Tel Aviv
University.

Ten of these were held in traditional face-to-face mode, seven online, and twelve as blended trainings. Because
the training institutions were preliminary pedagogical universities, the majority (19) of training sessions were
designed for pre-service teachers, while the rest (10) were for in-service teachers. This made training groups

diverse also age-wise (see Table 6).

3.2. Operationalisation of variables: descriptive statistics

All output measures (Table 6) are calculated as pre—post gain scores, where positive values indicate
improvement from pre-test to post-test in case of complete observations (same people) and negative values
indicate no improvement or regression. The composite gain is the combined gain across the  three output
domains — total gains in digital competence, self-efficiency in digital teaching and technology potential,

calculated as a simple average, discussed more in the next subsection.

Digital competence is a self-reported measure based on a 12-item subset of the DigCompEdu-based self-
assessment instrument by Lucas et al. (2021), covering teaching and learning, empowering learners, and
facilitating learners’ digital competence. Technology potential is based on Lachner et al. (2019) and measures
teachers’ perceptions of the pedagogical potential of ICT for teaching and learning. Self-efficacy for digital
teaching is based on Van Acker et al. (2013) and measures teachers’ confidence in using digital learning
materials effectively in their teaching. Instruments were translated into Estonian, German, Finnish, and

Hebrew by bilingual subject-matter experts and reviewed by institutional teams.

Input variables describe training costs, measured in time. Total costs combine fixed and variable costs.
Variable costs include course delivery and participant time, while fixed costs capture training administration
and course development. Average fixed costs range from 30 to 420 hours, and average variable costs from 50
to 322 hours, reflecting substantial differences in training intensity and organisational investment across

institutions.

Nondiscretionary factors describe contextual characteristics that are not directly controlled by the training

provider, including group size and teachers’ average age. Also, dummy variables, such as delivery mode and
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the level of teachers, are controlling for such kind of nondiscretionary effects.

3.1. Analytical method

We estimate training efficiency using Data Envelopment Analysis (DEA), a non-parametric frontier method
that scores each training intervention relative to the most efficient interventions in the sample (Charnes et al.,
1978; Banker et al., 1984). DEA is suitable for this study because it allows multiple inputs and outputs
without imposing a parametric production function. We model each training intervention as a production

unit transforming inputs (costs of training) into improvements in teachers’ digital competences.

The BCC specification (Banker, Charnes, and Cooper, 1984) represents a major extension of Data
Envelopment Analysis (DEA). Unlike the earlier CCR model developed by Charnes et al. (1978), which
assumes constant returns to scale (CRS), the BCC model allows for variable returns to scale (VRS). In this
study, we employ an input-oriented VRS DEA model based on the BCC specification. The input orientation
is appropriate because our primary interest lies in cost minimisation—that is, assessing the extent to which
interventions could reduce resource use while maintaining the same level of outcomes. The VRS assumption

is also suitable given that the training programmes differ substantially in scale and operational size.

In the input-oriented BCC (VRS) DEA model, the efficiency score for each training intervention ois

obtained by solving the following linear programming problem:

ming_le
subject to
n n n
Z ijijsexio,i=1,...,mz AiYrj Z VroT = 1,058 Ai=142=0,j=1,..,n
= = =

Where x;j= input {used by training intervention j(fixed costs, variable costs, measured in time), ¥,-j= output
rproduced by intervention j(total gains in digital competence), ;= intensity weights constructing the
efficient reference frontier, 8= efficiency score, n= number of interventions, m= number of inputs, and s=

number of outputs.
The efficiency score satisfies:
0<6<1,
and 6 = lindicates that the training lies on the efficient frontier, 8 < lindicates inefficiency.

Each intervention is treated as a decision-making unit (DMU), with one input — total person-hours per
teacher — and the three output domains — total gains in digital competence, self-efficiency in digital teaching
and technology potential. Because DEA scores can be upward-biased in small samples, we apply the Simar
and Wilson (1998) bootstrap procedure with 2,000 replications to obtain bias-corrected efficiency scores and
confidence intervals. Negative gain scores are handled by translating each output variable so that the
minimum value equals 0.001. Under VRS, DEA efficiency scores are invariant to such output translations
(Ali & Seiford, 1990), and this is checked in the robustness analysis.
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In the second stage, we examine contextual predictors of efficiency using truncated regression with bias-
corrected DEA scores as the dependent variable, following Simar and Wilson (2007). Tobit models are

reported only as sensitivity checks because their standard errors are inconsistent in this setting.

However, we face a dimensionality problem. Wilson (2018) illustrates that in nonparametric frontier
estimation (like VRS-DEA), the convergence rate of the estimator depends on the effective dimensionality of
d - of the input—output space. For a DEA estimator with n observations and total ~ dimension d = m +
s (number of inputs + outputs): Convergence rate ~ n~/M*5) This means: as d increases, convergence
becomes slower — or equivalently, estimation error becomes worse. In our case, with 1 inputand 3 outputs
and applying the heuristic above, we get the moderate-to-severe dimensionality problem. With 29
observations, the DEA sample meets the commonly used minimum requirement for a model with one input
and three outputs. However, in practical terms, 29 DEA observations in a four-dimensional input-output
setting provide statistical information roughly comparable to only about 5-6 observations in a standard OLS
regression framework. This means that, despite meeting the basic DEA sample-size guideline, the results

should still be interpreted with caution.

For the robustness test and to avoid over-parameterisation in a small sample, we use stochastic frontier analysis
(SFA). This is a parametric method that uses a single output. The output is defined as a composite measure
aggregating total gains across three domains: technological knowledge (technological potential of ICT) and
two attitudinal dimensions (digital competence and self-efficacy for digital teaching). We use linear
aggregation, meaning equal weights. The input (cost) is defined as the total training cost measured in time
units (minutes), combining fixed (course development and administration) and variable (delivery and
participation) components. Using time as the input metric avoids distortions arising from cross-country
variation in wage levels and price structures and reflects the primary resource constraint in educational
interventions. Because the composite outcome includes negative values, we apply a monotonic
transformation by shifting the distribution into the positive domain prior to log-transformation. This

preserves the ordinal ranking of observations while ensuring compatibility with the log-linear specification.
We estimate a stochastic production frontier of Cobb—Douglas form:

In(y;) = Bo + Brln(xy) +v; —u,
where y;denotes the composite outcome for intervention i, x;is total cost, v; ~ N (0, 62)is a symmetric noise

term, and u; ~| N(0,02) lis a non-negative inefficiency term. The parameter f;captures the elasticity of

output with respect to cost. Following Battese and Coelli (1995), we specify an inefficiency effects model:

u; = Zi6 + wi,
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Table 6. Summary statistics of variables

KI (k = 10) KI +CD (k = 6) KI+CD +SL (k= 6) KI+SL (k=7)

Outputs

Total composite gain 7.9(-31.9 to 42.7) 27.5(-32.3 to 115.4) 27.5 (4.3 t0 73.6) 2.5(-33.08 to 34.4)
(20.989) (57.629) (30.675) (20.452)

Total gain in digital competence 5.0(-13.5t0 17.2) 14.4 (-44.1to 45.5) 21.4 (6.6 t0 55.4) 0.6 (-14.8 t0 9.6)
(8.908) (33.589) (17.739) (7.711)

Total gain in self-efficacy 3.3(-4.3t09.7) 14.6 (-4.7 t0 70.0) 3.8(-3.9t0 12.4) -1.1(-11.3t0 7.3)
(4.109) (28.122) (5.606) (6.160)

Total gain in technology potential -0.5 (-21.0 to 24.96) -1.5(-58.3 to 54.0) 2.2(-10.0 to 21.8) 2.9(-35.6 t0 20.6)
(13.948) (41.194) (12.178) (17.824)

Average gain in digital competence 0.3(-0.5t0 1.1) 0.5(-0.5 to 1.0) 1.0(0.4t0 1.7) 0.1(-0.5 t0 0.4)
(0.481) (0.622) (0.461) (0.316)

Average gain in self-efficacy 0.2(-0.3to0 1.1) 0.2(-0.2t0 0.9) 0.2(-0.2 t0 0.4) -0.0(-0.9t0 0.5)
(0.382) (0.368) (0.228) (0.431)

Average gains in technology potential 0.0(-0.8 to 1.5) 0.0(-1.1t0 1.2) -0.1(-1.0t0 0.8) 0.6(-1.6t0 2.3)
(0.779) (0.861) (0.615) (1.206)

Inputs

Total costs 6830 (475 t0 13 572) 21281 (11 849 to 51 664) 10 248 (3 620 to 23 887) 3835 (380 to 12 865)
(4670) (15 225) (7172) (4473)

Total variable costs 3970 (325 to 11 232) 10 818 (1 528 to 17 220) 7276 (3 020 to 12 791) 2088 (220 to 6045)
(3 887) (5 196) (3 465) (2030)

Average fixed cost 175 (30 to 637) 310 (60 to 645) 156 (60 to 616) 87 (30 to 220)
(204) 277) (226) (88)

Average variable costs 169 (50 to 288) 304 (96 to 635) 361 (282 to0 711) 112 (50 to 195)
(94) (181) (171) (59)

Nondiscretionary factors

Group size 18.8 (5.0 to 39) 39.3 (16 to 82) 20.8 (10 to 32) 15.2 (4 to 31)
(10.9) (24.5) (8.1) (9.2)

Average age of teachers 33.2 (21 to 47) 31.9 (21 to 40) 31(19to 41) 36.8 (21 to 46)
(9.79) (6.47) (7.03) (10.67)

Notes. Values are reported as mean (minimum to maximum), with standard deviations shown in parentheses on the line below. Columns report descriptive statistics by training design; k indicates

the number of training interventions in each design category. KI = Knowledge Instruction; CD = Collaborative design; SL = Situated learning. Output variables capture teachers’ pedagogical

digital competence (PDC) at Kirkpatrick’s Level 2, that is, learning-related changes in knowledge-related beliefs, attitudes, and self-assessed competence.
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where z;is a vector of observable covariates and w;is a non-negative random variable. The vector z;includes
indicators for treatment type, delivery mode, group size, and participant characteristics, allowing inefficiency
to vary systematically across interventions. The model is estimated by maximum likelihood following the
error-components frontier framework (Aigner, Lovell, and Schmidt, 1977; Battese and Coelli, 1992). The
relative importance of inefficiency is summarised by:
o
V=75
a2+ a?
which measures the proportion of total variance attributable to inefficiency. Technical efficiency scores are
obtained as: TE; = ex(—u;) and interpreted as the ratio of observed output to frontier output. We also

bootstrap standard errors for more reliable estimates, and because of the small samples.

Country and institutional fixed effects are not included in the DEA or SFA frontier models because the
analysis assumes a common training technology across interventions. Adding such fixed effects to the frontier
would imply that countries or institutions have different production frontiers, thereby changing the
interpretation of efficiency from comparison against a common best-practice frontier to comparison against
shifted or group-specific frontiers. In DEA, contextual (nondiscretionary) variables are typically analysed
outside the first-stage frontier, for example, through second-stage models of efficiency scores. In SFA,
observable contextual variables can be modelled as determinants of inefficiency rather than as frontier shifters.
A group-frontier or metafrontier approach would be appropriate only if we assumed genuinely different
technologies across countries or institutions. Given the small number of observations per institution and the

common measurement design, we therefore retain a common frontier.
4. Results

4.1. Descriptive analyses

All three output measures include negative values (Figure A), confirming that some interventions produced
no improvement or slight regression on specific PDC dimensions. This pattern motivates the linear

translation applied prior to DEA or SFA estimation.
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Figure 8: Heterogeneity of total gains of all three outcome variables

Notes. The figure shows intervention-level total pre—post total gains for the three outcome variables: digital competence,
technological potential of ICT, and self-efficacy for digital teaching. Points indicate estimated total gains for each intervention, and
horizontal lines indicate the corresponding uncertainty intervals (95% confidence intervals) . The different colors are used to indicate

the different instructional methods.

Figure 8 illustrates substantial heterogeneity across interventions and outcomes, suggesting that training
effects vary both by outcome domain and by training design. All three outcomes, however, are not always
significantly correlated (Figure 9). The strongest association is observed between gains in digital competence
and the technological potential of ICT (7 = 0.56), whereas associations involving self-efficacy are negative and
weaker. This poses a question for dimension reduction on outcomes — either a composite is an average over
3 variables, or we can reduce dimensions by excluding either digital comptence or tecnological potential

component.
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Figure 9. Pairwise Pierson correlations between total gains in the three PDC outcome variables

Notes. Lower-triangle panels show scatterplots with smoothed trend lines, illustrating the bivariate relationship between pairs of
outcomes. Upper-triangle panels report Pearson correlation coefficients; asterisks indicate statistical significance. gain_dce = gain in

teachers’ digital competence; gain_tech_pot = gain in perceived technological potential of ICT; gain_seff = gain in self-efficacy for
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digital teaching.

Figure 10 illustrates the relationship between total training cost (measured in total minutes of participants
and trainers) and total gains (participants' gains from knowledge and attitudinal change, scale is nominal, the
more the better) in outcomes across interventions. Respectively, we have negative gains, so dashed lines are
dividing the plots into cost-effectiveness quadrants. Gains above zero indicate improvement, while negative
values indicate declines. We treat one Finnish case in the left panel with high costs and negative outcomes as

an outlier and continue with 27 cases.
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Figure 10. Association between total costs and gains with and without one Finnish case

Notes: Each point represents a training case, labelled by country and colour-coded by treatment type (KI, KI + CD, KI + CD + SL,
KI + SL). The left panel includes all observations, the right panel excludes an extremely high-cost outlier to improve comparability
(KI+CD Finnish case). Solid lines show linear fitted relationships between cost and gains. Dashed vertical and horizontal lines indicate

mean cost and mean gain.
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Figure 11. Average fixed and variable costs by training design between and within cases

Notes. Average costs are measured in minutes. KI = Knowledge Instruction; CD = Collaborative Design; SL = Situated Learning.
Numbers above the bars indicate the total average cost (in minutes) for each training design. Panel A compares all interventions,

Panel B compares variations of training designs within one case (same instructor)

In Figure 11, costs are divided into fixed and variable components. Fixed costs refer to training administration
and course development, while variable costs include course delivery and participant time. Unexpectedly,
KI+SL (same as in Table 6) has lower costs than KI-only, and KI+CD has higher costs than KI+CD+SL,
showing that costs are endogenous to many things, including group size, duration (or how many credit points

the course), delivery mode, and perhaps level of participants.

Figure 11, right panel, presents the average costs of KI-only and KI+SL trainings, decomposed into fixed costs
(training administration and course development) and variable costs (course delivery including participant
time). KI-only trainings (CUU1.2, CUU2.1, CUU3.2, PA1.2) had an average total cost of 173, composed of
98 in variable costs and 75 in fixed costs. On average, KI+SL trainings were considerably more expensive than
KI-only trainings, with a total average cost of 226 compared to 173 for KI — roughly a 31% increase. Both
cost components were higher for KI+SL: average variable costs (course delivery including participant time)
rose from 98 to 116, while average fixed costs (training administration and course development) increased
more sharply from 75 to 110. This suggests that the addition of the SL component drove up costs across both
dimensions, but the proportionally larger increase in fixed costs indicates that the SL component required

meaningful additional investment in course preparation and administration beyond the delivery itself.

4.2. Efficiency analysis: DEA

Several output variables contain negative values (negative pre-post gain scores), reflecting interventions that
produced no improvement or slight regression on specific PDC dimensions. Standard DEA requires strictly
positive outputs. We address this by applying a linear translation to each output variable, shifting the
minimum value to 0.001 (Ali & Seiford, 1990). Under VRS, efficiency scores are mathematically invariant to

such output translations (ibid.).

Table 7: raw and bootstrapped efficiency scores by training design
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Studies on the

Training design K Mean raw (6) SD Mean BC SD BC frontier
KI 10 0.438 0.327 0.331 0.234 2
KI+CD S 0.256 0.119 0.206 0.101 0
KI+CD+SL 5 0.213 0.064 0.169 0.046 0
KI+SL 7 0.731 0.296 0.535 0.18 2

Notes. 6 = raw DEA efficiency score; BC = bias-corrected score (Simar & Wilson, 1998; 2,000 replications). Scores are reported after
controlling (in the second stage) for delivery mode, teacher level and group size.

Table 7 summarises efficiency by treatment design. KI+SL achieves the highest mean bias-corrected
efficiency. We see the same patterns in raw mean scores and bootstrapped scoress, the latter indicates lower
scores. In all cases, we controlled for delivery mode, teacher level and group size to avoid biases from
nondiscretionary variables. Regarding our first two hypotheses, we have descriptive evidence that does not

confirm.

Table 8 shows that KI+SL is consistently associated with higher DEA efficiency than KI-only training,
whereas KI+CD is not significantly different from KI. Therefore, H1 is not supported. The expected
inefficiency of more complex designs — H2 — also receives no support: KI+CD+SL is negative in the
treatment-only model, but the effect becomes insignificant after adding delivery mode, teacher level, and
group size. So the inefficiency comes from nondiscretionary variables. H3 is partly supported, as online
delivery is consistently more efficient than blended delivery, while face-to-face delivery does not differ

significantly from blended delivery.
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Table 8. Training design and nondiscretionary variables in DEA

M1 M2 M3 M4

Dependent variable = efficiency score

Treatment design (ref. = KI)

KI+SL 0.21** 0.23 *** 0.18 *** 0.16 **
(0.08) (0.07) (0.07) (0.07)
KI+CD -0.12 -0.08 -0.08 -0.07
(0.09) (0.07) (0.07) (0.07)
KI+CD+SL -0.16* -0.08 -0.08 -0.1
(0.09) (0.08) (0.07) (0.07)
Delivery mode (ref. = Blended)
Face-to-face 0.04 0.05 0.09
(0.06) (0.06) (0.07)
Online 0.25 *** 0.23 *** 0.24 ***
(0.07) (0.06) (0.06)
Teacher level (ref. = In-service)
Pre-service -0.10* -0.22*
(0.06) (0.12)
Group size -0.01*
(0.00)
N observations 27 27 27 27
Log Likelihood 10.33 16.08 17.63 18.24
AIC -10.67 -18.17 1927 -18.48

Notes. The table reports second-stage regression models explaining DEA efficiency scores. The dependent variable is the estimated
efficiency score, where higher values indicate greater cost-efficiency in producing learning-related gains in pedagogical digital
competence. KI is the reference category for treatment design, blended delivery is the reference category for delivery mode, and in-
service teachers are the reference category for teacher level. Standard errors are reported in parentheses. Model 1 includes treatment
design only; Model 2 adds delivery mode; Model 3 adds teacher level; and Model 4 additionally controls for group size. p < 10%, p <
05", p < 01",

4.3. Efficiency analysis: SFA

Robustness evaluation with SFA demands a one-dimensional outcome; we construct the output as the sum
of standardised gains across the three domains. This linear aggregation imposes equal weights and yields a
single-output technology consistent with parametric frontier estimation. Inputs stay the same — total costs
in minutes. Again, due to negative outcome values, we apply a monotonic transformation by shifting the
distribution into the positive domain prior to log-transformation. This preserves the ordinal ranking of

observations while ensuring compatibility with the log-linear specification.

Figure 12 shows mean bootstrapped SFA efficiency scores by training design and indicates no statistically
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significant difference between the scores. So we find no support for H1 and H2, even if the average efficiency
scores of KI + CD and Ki + CD + SL were slightly higher than the heterogeneity (standard errors) of the

outcome, which is too large to make a significant difference.

o ‘
|
I

KI+CD+SL

Kl + CD

Ki

o ¥ N o® o®

Mean bootstrapped efficiency with standard error of the mean
Mean efficiency by treatment group (bootstrapped SFA)

Figure 12. Bootstrapped SFA efficiency scores by training design

Notes. Bars indicate the average efficiency score for each treatment group, and horizontal error bars show the standard error of the
mean based on 1,000 bootstrap replications (8 = 1,000). Efficiency scores range from 0 to 1, with higher values indicating greater
estimated efficiency. KI = Knowledge Instruction; CD = Collaborative Design; SL = Situated Learning; SFA = Stochastic Frontier
Analysis.

The SFA results (Table 9) provide some support for H1. In the bootstrapped full model, the coefficient for
KI+CD is negative and statistically significant relative to KI-only training. A negative coefficient indicates

lower inefficiency, and therefore higher cost-efficiency (size is measured in total minutes of trainers and

teachers time).

The results do not support H2. If more complex multi-component designs produced diminishing marginal
returns, we would expect KI+CD4SL to be less cost-efficient than simpler designs. Instead, the coefficient
for KI+CD+SL is also negative and statistically significant in the bootstrapped full model. This indicates that
the most complex training design is associated with lower inefficiency, not higher inefficiency, compared with
KI-only training. Thus, the SFA results do not suggest that adding multiple components necessarily reduces
cost-efficiency. Rather, they indicate that complexity can remain efficient when the additional components

contribute sufficiently to learning-related gains.

Table 9. Bootstrapped stochastic frontier estimates

(1) Cost-only (3) Bootstrapped full
) (2) Full model
Variable model Bootstrap replications = 1
000
0.331% 0.166* 0.166*
Log(Cost)
(0.102) (0.083) (0.130)

53



EffecTive - Efficiency and Effectiveness of Training for Teachers’ Pedagogical Digital Competence

Nondiscretionary variables:

KI + CD (refKI) — 118 947 (79 159) 18 947 (2523)
KI + CD + SL (ref KI) - 122 468 (93 760) 222469 (2378)
KI + SL (ref K1) — 441 (1 901) 441 (1130)
Face-to-face (ref blended) — -7 489 (31 403) -7 489*** (714)
Online (ref blended) — -15 808 (66 025) -15 808** (1 561)
Teachers (N) — 1239(5173) 1239**(96)
Pre-service (ref in-service) teachers — -23243 (96 901) -23 243*** (1 553)

Variance parameters

Sigma’ 2161 (0.090) 16 423 (68 496) 16 422+ (861)
Gamma 099 0.99°* (0.000) 1.00** (0.487)
Log—likelihood -30.95 -26.89 -26.89
Observations 27 27 27

Mean efficiency 0.487 0.653 0.653

Notes. The table reports stochastic frontier analysis (SFA) estimates of training cost-efficiency. The dependent variable in the
production function is the logged output measure, and the main input is the log cost. Models 2 and 3 include nondiscretionary
(environmental) variables in the inefficiency equation. Negative coefficients indicate lower estimated inefficiency. K1 is the reference
category for treatment design, blended delivery is the reference category for delivery mode, and in-service teachers are the reference
category for teacher level. Standard errors are reported in parentheses. Model 3 reports bootstrap standard errors based on 1,000
replications. Sigma® and gamma are variance parameters of the stochastic frontier model. Gamma values close to 1 indicate that most

unexplained variation is attributed to inefficiency rather than random noise. Significance levels: p < .10%, p <.05**, p < .01***.

The results support H3. Both face-to-face and online delivery are negative and statistically significant
relative to blended delivery in the bootstrapped full model. Since negative coefficients in the inefficiency
equation indicate higher efficiency, this finding suggests that both face-to-face and online formats are more
cost-efficient than blended delivery. This is consistent with the hypothesis that blended formats may involve

additional coordination and infrastructure costs that are not fully offset by commensurate output gains.

S. Conclusions

This study examined whether more complex teacher-training designs are worth their additional cost when the
objective is to develop teachers’ pedagogical digital competence. We focused on Kirkpatrick Level 2
outcomes, operationalised as pre—post gains in three domains: teachers’ perceived technological potential of
ICT, self-assessed digital competence, and self-efficacy for digital teaching. The main contribution of the
study is to connect these learning-related gains to the resource requirements of training interventions,

including both fixed and variable costs measured in time units.

The descriptive results show substantial heterogeneity across interventions. Some trainings produced positive
p g y gsp p
gains, while others showed little improvement or even negative pre—post differences. The three output

domains were also not interchangeable: gains in digital competence and perceived technological potential
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were moderately associated, whereas self-efficacy followed a different pattern. This confirms that pedagogical
digital competence is multidimensional and that different training designs may affect different components

of teacher learning.

The efficiency results provide a cautious answer to the three hypotheses. First, H1 is not robustly
confirmed. We expected KI+CD to be more cost-efficient than Kl-only training in producing learning-
related changes in knowledge-related beliefs, attitudes, and self-assessed competence. However, the DEA
results do not show a significant efficiency advantage for KI+CD over KI. Although some SFA specifications
suggest that collaborative design may be associated with lower inefficiency, this result is sensitive to modelling

choices and should therefore be interpreted as suggestive rather than conclusive.

Second, H2 is not supported. We expected more complex multi-component designs to show lower cost-
efficiency because of diminishing marginal returns to training complexity. The results do not provide
consistent evidence for this claim. In the DEA models, KI+CD+SL appears less efficient than KI in the
treatment-only model, but this difference disappears after accounting for delivery mode, teacher level, and
group size. The SFA robustness checks also do not provide clear evidence that more complex designs are
systematically less efficient. Thus, complexity alone does not explain efficiency differences. More complex
designs may be costly, but they are not necessarily inefficient if the additional components generate sufficient

learning gains.

Third, H3 is partially supported. Online delivery is consistently associated with higher efficiency compared
with blended delivery. This supports the argument that blended formats may involve coordination and
infrastructure costs that are not always matched by additional output gains. The evidence for face-to-face
delivery is weaker: face-to-face coefficients are positive in the DEA models but not statistically significant.
Therefore, the strongest conclusion is that online delivery appears more cost-efficient than blended delivery,

while the relative efficiency of face-to-face delivery remains less certain.

A key implication is that training efficiency cannot be inferred from training complexity alone. Simple KI-
only formats are not automatically the most efficient, and complex designs are not automatically wasteful.
Instead, efficiency depends on how training components, delivery mode, group size, participant profile, and
costs combine in practice. In the present data, KI+SL performs particularly well in the DEA analysis,
suggesting that situated learning may generate relatively strong gains for the resources invested. At the same
time, the weak and inconsistent results for KI+CD indicate that collaborative design may need careful

implementation to become cost-efficient.

The study also highlights important methodological limitations. DEA is attractive because it can handle
multiple outputs without imposing a parametric production function, but the small number of interventions
creates a dimensionality problem. With few decision-making units and several outputs, the estimated frontier
becomes fragile and efficiency scores may be sensitive to individual observations. SFA reduces the
dimensionality problem by using a single composite output, but this comes at the cost of imposing equal
weights across outcomes, a functional form, and distributional assumptions. Therefore, SFA should be

treated as a robustness check rather than as a definitive solution.

A robustness of the study is problematic because the DEA becomes statistically unreliable when applied to
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the multi-dimensional data. As the number of input variables increases relative to the number of decision-
making units, DEA loses its ability to discriminate between efficient and inefficient performers; most units
appear artificially efficient due to the sparse geometry of high-dimensional spaces. This “curse of
dimensionality” forces researchers (including us) to construct arbitrary composite indices that impose
subjective weighting schemes on educational resources or omit variables. We used averages, meaning equal
weights for SFA analysis. Both strategies introduce biases that compromise the validity and policy relevance

of efficiency assessments.

Overall, the findings suggest that cost-efficient teacher professional development for pedagogical digital
competence requires more than simply adding training components. Training designs need to be matched to
the outcome they are expected to improve and to the delivery conditions under which they are implemented.
The current evidence points to the importance of situated learning and online delivery, while providing no
robust support for the claim that collaborative design or greater complexity automatically improves
efficiency. Future work should expand the number of coded interventions, improve harmonisation of cost

measures, and include higher-level outcomes such as classroom practice and student learning.
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Summary of findings and future perspectives

This deliverable synthesised intervention evidence from the EffecTive consortium to examine how different
teacher training designs contribute to the development of pedagogical digital competence and whether these
gains are achieved efficiently relative to the resources invested. By combining a meta-analytic synthesis of
intervention outcomes with cost-efficiency analyses, the report moved beyond individual intervention
evaluations toward a broader understanding of how training design, implementation conditions, and

contextual factors interact in technology-enhanced teacher professional development.

Across both analytical approaches, the findings suggest that no single training design universally outperforms
others across all outcomes. The meta-analysis showed only limited evidence that broad training
configurations alone explain variation in teachers’ learning outcomes. Most differences between training
designs were small, statistically uncertain, and accompanied by substantial heterogeneity across interventions
and institutions. This indicates that the effectiveness of teacher professional development cannot be
understood solely through the presence or absence of individual training components such as knowledge

instruction, collaborative design, or situated learning.

The most promising patterns emerged for classroom-oriented outcomes. Training designs that
incorporated situated learning and more complex multi-component approaches, showed positive tendencies
for technology integration practices, especially for constructive forms of technology use. Although these
effects were generally modest to large but often statistically uncertain, they were directionally consistent
across several analyses and aligned with theoretical expectations that authentic practice and application

opportunities are important for developing classroom-oriented competencies.

The analyses also revealed important methodological lessons. Contrary to expectations, knowledge-related
outcomes showed negligible or even slightly negative effects across several interventions. However, these
findings should be interpreted cautiously. The knowledge measures were designed to support harmonised
evaluation across countries and interventions rather than to assess intervention-specific learning objectives.
As a result, the instruments may have lacked sufficient sensitivity to detect meaningful changes in knowledge
acquisition. The findings therefore highlight a broader challenge in large-scale teacher professional
development research: the tension between cross-study comparability and the use of context-specific

instruments capable of capturing targeted learning gains.

The efficiency analyses reinforced the conclusion that training complexity alone is neither a guarantee of
effectiveness nor a source of inefficiency. More complex training designs were not systematically less efficient
than simpler ones, despite requiring greater investments of time and resources. This finding is important
because it challenges the assumption that adding collaborative, situated, or reflective components necessarily
leads to diminishing returns. Instead, the results suggest that complexity can be justified when additional

training components contribute to meaningful learning gains.

At the same time, the analyses indicate that training complexity cannot be considered independently of

training duration. More complex interventions typically require more time for participation, reflection,
g % pically req p p
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design activities, and classroom implementation. Consequently, complexity and duration should be viewed
as closely interconnected characteristics of professional development rather than independent explanatory
factors. The findings therefore provide little support for a “negative side-effects of complexity” perspective.
Rather, they suggest that longer and more complex learning experiences may be necessary when the goal is to

develop higher-order competencies related to classroom practice and technology integration.

A turther contribution of the deliverable is methodological. Both the meta-analysis and the cost-efficiency
analyses revealed substantial unexplained heterogeneity between interventions. Differences in outcomes
appear to be influenced not only by training design, but also by implementation quality, participant
characteristics, institutional conditions, delivery modes, and contextual factors. This suggests that broad
intervention-level classifications are insufficient for explaining why some teachers benefit more than others
from professional development. For this reason, future analyses within the EffecTive project should
increasingly focus on participant-level and mechanism-oriented explanations of teacher learning. Such
analyses may investigate how factors such as teachers’ self-regulated learning skills, motivational beliefs, self-
efficacy, inclusion awareness, readiness for technology integration, implementation quality, and contextual
support structures shape differential training outcomes and transfer into practice. Moving from the question
of “which training design works?” toward “for whom, under what conditions, and through which
mechanisms?” represents a natural next step in the development of the EffecTive methodology and evidence

base.

Opverall, D4.3 should be understood both as a synthesis of current intervention evidence and as a
methodological foundation for future work on teacher professional learning in technology-enhanced
environments. The findings suggest that the development of pedagogical digital competence is
multidimensional, context-dependent, and not easily reducible to simple comparisons between training
formats. Understanding the mechanisms that explain variation in outcomes remains one of the most
important challenges for future research and an important direction for the continued exploitation of the
EffecTive dataset.
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