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PAPER

Toward an Integrative Framework for Valid Research 
in Educational Technology: Insights from Virtual 
Reality Learning

ABSTRACT
This methodological and conceptual contribution develops an integrative framework for 
research on educational technology that systematically links internal and external validity, 
different research approaches, and heterogeneous outcome dimensions. Drawing on the 
recurring disappointment regarding the limited learning benefits of digital technologies—
illustrated by the example of virtual reality (VR)—the article argues that technological innova-
tions can only be adequately assessed if their effects can be clearly attributed and transferred 
to authentic learning contexts. Using central research logics, including media comparison, 
value-added, and ATI/LTI approaches, it shows how the choice of research approach shapes 
the type of evidence generated and the associated validity requirements. In addition, the article 
extends existing outcome models by incorporating a behavioral dimension to reflect the mul-
tidimensional nature of teaching and learning processes. The proposed framework illustrates 
that progress in educational technology research depends on the combination of method-
ological rigor, context-sensitive evidence, and multidimensional outcome assessment. Finally, 
practice-oriented recommendations are presented to support cumulative evidence develop-
ment, transparent reporting standards, and the integration of laboratory and field research.
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1	 INTRODUCTION

For several decades, digital technologies have been promoted as a means of 
improving learning outcomes [1]. Yet, across successive waves of innovation, initial 
optimism has repeatedly given way to disillusionment, as anticipated benefits have 
often failed to translate into measurable effects [2]. Meta-analyses consistently show 
that technology-enhanced learning rarely outperforms traditional instruction in 
controlled comparisons [3], [4].
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This recurring pattern has prompted researchers to reconsider how media 
effects are conceptualized and measured in educational research. Critics argue that 
positive findings reported in empirical studies are often not directly attributable to 
the medium itself but instead result from differences in the underlying instructional 
design [5], [6].

Technology-based interventions are frequently more carefully planned and 
methodologically refined than their comparison conditions, meaning that observed 
learning gains may be attributable to the quality of the instructional design rather 
than to inherent properties of the medium [7]. This issue has fueled a long-standing 
debate over whether observed effects should be attributed to instructional design 
rather than to the medium itself.

These recurring debates underscore the need to examine the methodological 
foundations of educational technology research, particularly when emerging tech-
nologies are evaluated under rapidly changing technical, instructional, and insti-
tutional conditions. Virtual reality (VR) provides a particularly instructive context 
because its educational effects cannot be considered independently of the design of 
the virtual environment, the instructional tasks, learner characteristics, implemen-
tation conditions, and the outcomes selected for evaluation.

This paper therefore develops an integrative framework that links internal and 
external validity, different research approaches, and multidimensional outcome 
categories. VR-based learning serves as a paradigmatic case through which the frame-
work is specified and applied. The framework is intended to support researchers in 
positioning individual studies within broader research programs, selecting designs 
that align with their study questions, and interpreting findings in relation to their 
methodological and practical scope. In this way, the contribution addresses both the 
scientific evaluation and the educational implementation of emerging technologies. 
The framework is not presented as an empirically validated measurement model. 
Rather, it offers a theoretically grounded orientation structure whose feasibility and 
utility should be examined through future applications across research projects, 
technologies, and educational contexts.

2	 THEORETICAL BACKGROUND

This section outlines the theoretical foundations of the framework within the 
field of technology-enhanced learning. It first reviews key developments in VR 
research as a guiding example before introducing internal and external validity as 
core principles of rigorous empirical inquiry. It then summarizes major research 
designs and methodological strategies used to examine effectiveness and gener-
alizability. Together, these elements provide the conceptual basis for evaluating 
educational technologies and inform the subsequent recommendations for research 
and practice.

2.1	 VR as an emerging educational technology

Virtual reality has become a prominent emerging technology in education because 
it enables learners to interact with spatial, simulated, and potentially authentic envi-
ronments that may otherwise be inaccessible, costly, dangerous, or difficult to repro-
duce. Educational applications include laboratory simulations, vocational trainings, 
medical procedures, historical reconstructions, and perspective-based learning 
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scenarios. Across these contexts, VR has been associated with cognitive, affective, 
and psychomotor outcomes [8], [9], [10], [11].

However, VR does not constitute a uniform instructional intervention. Educational 
VR applications differ substantially in their technological features, interaction design, 
instructional guidance, duration, social configuration, and integration into broader 
instructional arrangements. Consequently, findings cannot be interpreted solely 
as effects of VR. Instead, they reflect specific combinations of technology, instruc-
tional design, learner characteristics, implementation conditions, and outcome 
measures [12].

These characteristics make VR a particularly relevant context for examining 
methodological validity in educational technology research. Controlled laboratory 
studies may isolate specific design features and support causal inference, but they 
often simplify the institutional and instructional conditions under which VR is used 
in practice. Field studies, by contrast, capture authentic implementation conditions 
but may offer less control over confounding variables. Moreover, the educational 
value of VR may be reflected not only in cognitive performance but also in moti-
vation, action competence, psychomotor performance, transfer behavior, or imple-
mentation efficiency [11].

Virtual reality, therefore, serves in this paper not merely as an example but as 
a paradigmatic case of an emerging educational technology. It illustrates why the 
evaluation of technological innovation requires the coordinated consideration of 
research scope, validity, and outcome selection. The proposed framework uses this 
context to support the design and interpretation of studies seeking to determine 
whether, how, for whom, and under which instructional conditions emerging tech-
nologies contribute to learning.

2.2	 Internal and external validity as cornerstones of educational 
technology research

This paper clarifies the importance of internal and external validity in educa-
tional technology research. Although the two concepts are complementary, they 
are also in methodological tension [12]: High internal validity requires the control 
of confounding variables under relatively artificial conditions [13], whereas high 
external validity requires realistic, less controlled contexts [14]. Educational technol-
ogy research must account for this trade-off. Internal and external validity should 
therefore be understood as successive elements of a cumulative research process: 
Internal validity supports the identification of robust effects, whereas external 
validity supports their generalizability and practical relevance. Accordingly, study 
designs can be structured—analogous to levels of evidence in medicine—to progres-
sively increase both methodological rigor and applicability [15].

Internal validity. Internal validity refers to the extent to which an observed effect 
can be confidently attributed to the intended intervention rather than to alternative 
explanations. A study is internally valid when competing causes are systematically 
ruled out and the causal relationship between the independent and dependent vari-
ables can be established with sufficient precision [16]. Internal validity therefore 
constitutes the foundation of causal inference. In educational technology research, 
threats to internal validity are particularly salient. Common threats include 
confounding variables, such as prior knowledge or teacher quality [17], [18]. If such 
factors are not adequately measured and controlled, the estimated intervention 
effect may be either inflated or attenuated [19], [20]. This tension is clearly illustrated 
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in VR-enhanced learning: laboratory studies on VR, for example [21], often achieve 
high internal validity through standardized procedures and strict control of con-
founding variables but are frequently criticized for limited ecological realism and 
low transferability to everyday educational settings. Conversely, classroom-based VR 
studies (e.g., [22]) provide valuable practical insights but often lack the methodolog-
ical rigor required for unequivocal causal attribution.

The following sections outline typical threats to internal validity and illustrate 
how they may arise in VR-enhanced learning contexts:

a)	 Selection effects represent a pervasive challenge: participants often self-select 
into studies, while marginalized or hard-to-reach groups are systemati-
cally underrepresented. This may undermine randomization and bias effect 
estimates [23], [24]. In educational research, non-response often results from 
limited interest, time constraints, language barriers, or low levels of trust [25], 
[26], [27]. In VR-enhanced learning, this risk is particularly pronounced because 
studies are typically conducted at well-resourced institutions with access to head-
sets and technical support, potentially skewing participation toward more priv-
ileged populations. Accordingly, existing critiques point to a bias toward WEIRD 
(Western, Educated, Industrialized, Rich, Democratic) samples and suggest that 
underprivileged groups may be underrepresented or excluded [28].

b)	 Further threats include maturation processes, which refer to natural biological, 
cognitive, or social developments that occur over time independently of the 
intervention [29], [30]. In VR-enhanced learning, maturation effects may be 
particularly salient during longer intervention periods: learners may improve 
because of increasing familiarity with immersive environments, enhanced 
spatial reasoning, or gradual adaptation to VR controls rather than because of 
the intervention itself. For example, a longitudinal comparison of immersive VR 
simulations and video playback in a science course found that performance in 
the VR group increased across successive interventions and remained stable in 
delayed post-tests, suggesting that part of the improvement may have reflected 
cumulative exposure rather than the intervention alone [31].

c)	 Testing effects are also relevant: repeated exposure to assessment materials can 
produce practice gains, greater familiarity, or reduced anxiety, thereby mimicking 
genuine intervention effects [32], [33]. In VR-enhanced learning environments, 
this risk is particularly pronounced because learners may become increasingly 
familiar with navigation, controls, or interaction mechanics. Consequently, 
improved performance may partly reflect familiarity with the medium rather 
than actual learning gains. For example, Galor et al. [34] demonstrated this issue 
in the VR-Color Trails Test, where repeated administrations raised concerns about 
practice effects and led to the development of alternative test versions.

To mitigate these threats, a combination of design-based and statistical strategies 
is required. Randomized controlled trials (RCTs) remain the gold standard because 
random assignment balances confounding factors across groups [35], [36]. When 
randomization is infeasible, for instance in intact school classes, quasi-experimental 
designs can be employed and complemented by methods such as matching [37], anal-
ysis of covariance (ANCOVA), or regression adjustment [38]. For nested educational 
data, such as students within classes and classes within schools, hierarchical linear 
models or mixed-effects models can account for group-level influences [39], [40]. 
Weighting techniques, including post-stratification and calibration weighting, can 
further correct imbalances in demographic or socioeconomic variables [41], [42]. 
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Finally, more recent approaches emphasize the use of causal-inference frameworks 
and directed acyclic graphs (DAGs) to identify confounders systematically [43], [44], 
while sensitivity analyses and simulation studies can estimate the potential influ-
ence of unobserved confounders and assess the robustness of the findings [45], [46].

External validity. External validity refers to the generalizability of findings 
across contexts, populations, and time [47]. Cronbach and Shapiro [14] organize 
these dimensions within the UTOS framework. At the unit level, external validity 
concerns the transferability of findings across different populations, such as learners 
from other age groups, cultural backgrounds, or socioeconomic contexts [48]. At the 
treatment level, generalizability depends on whether comparable effects emerge 
when interventions are operationalized differently, for example, in laboratory-based 
versus field-based implementations [49]. With regard to outcomes, findings should 
remain consistent across different measurement instruments or modes of data col-
lection, for instance when self-reports are complemented by behavioral observa-
tions or physiological measures [50]. Finally, at the setting level, external validity 
is established when effects can be replicated across different institutions, teaching 
cultures, or technological infrastructures [51]. VR research is still dominated by indi-
vidual studies conducted under highly specific conditions and focused on particular 
applications. Systematic replication studies, in which the same intervention is reex-
amined across different units, treatments, outcome measures, or settings, remain 
rare, thereby limiting the extent to which robust conclusions about effectiveness 
can be drawn. Nevertheless, there are notable exceptions. For example, Kohnke and 
Foung [52] replicated an earlier VR-based teacher training paradigm with different 
participant groups and design variations, providing evidence of how effects con-
verge or diverge across contexts. Similarly, Han, Liu, and Zheng [53] conducted a VR 
laboratory experiment that explicitly compared learners with high versus low prior 
knowledge to examine how signaling effects depend on aptitude, thereby demon-
strating that VR interventions can be systematically tested across different learner 
groups. Such studies indicate that generalizability in VR research must be empiri-
cally examined through deliberate replication and extension.

However, more comprehensive models of external validity are needed. 
Extensions such as the M-STOUT framework therefore incorporate additional 
dimensions, namely mechanisms and time [47]. Mechanisms refer to the causal 
processes through which interventions produce their effects. Identifying these 
processes is critical because, without understanding how and why an interven-
tion works, it remains unclear whether its effects will transfer across contexts. 
External validity requires that relevant covariates can be reproduced across 
populations and settings [54]. In educational research, such mechanisms are often 
conceptualized as learning processes that link instructional quality to outcomes [55]. 
The time dimension addresses both short- and long-term generalizability. Findings 
should remain stable across different points in time and robust under longer-term 
implementation [47]. This includes determining whether technology-based interven-
tions remain effective across multiple school years or whether initial novelty effects 
diminish over time [56]. Longitudinal studies further examine whether gains persist 
beyond immediate post-tests [57]. In VR-enhanced learning, both dimensions are 
particularly salient. Mechanistic research increasingly investigates how immersive 
features influence presence, motivation, and cognitive engagement as mediators of 
learning [58]. At the same time, time-based evidence remains limited but is gradu-
ally emerging: although short-term engagement effects may decline with repeated 
use, longitudinal studies suggest that well-designed VR training can produce dura-
ble improvements in complex skills and transfer [59]. These findings indicate that 
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external validity in VR research concerns not only who and where, but also how and 
over what period effects occur.

Building on these conceptual considerations, assessing external validity requires 
a range of methodological strategies. Replication studies examine whether effects 
persist under modified conditions, while systematic reviews and meta-analyses 
estimate both mean effects and heterogeneity across studies [60]. Meta-regressions 
and subgroup analyses further identify moderators and mediators that help explain 
variation in effects. In addition, cross-validation techniques [61], [62] can be used 
to assess robustness by partitioning datasets and examining model stability across 
subsamples. In educational technology research, such approaches are particularly 
important because findings often vary substantially across contexts.

2.3	 Research approaches in educational technology

Methodological issues cannot be considered in isolation, as research approaches 
shape the type of evidence generated. According to Buchner and Kerres [63], three 
central approaches can be distinguished in educational technology research: 
the media comparison approach, the value-added research approach, and the 
aptitude-treatment interaction (ATI) or learner-treatment interaction (LTI) approach. 
Each approach addresses a distinct set of research questions.

The media comparison approach was historically predominant. It compares 
emerging technologies, such as augmented reality, interactive whiteboards, or 
AI-based systems, with established media such as books, worksheets, or videos. Typical 
questions concern whether learners achieve better outcomes with one medium than 
with another. Its main advantage lies in its simplicity and orienting function, as it 
can provide initial indications of the potential effectiveness of new technologies. 
However, it has been criticized for remaining strongly technology-centered [5], [6] 
and for risking the attribution of effects to the medium rather than to the underlying 
instructional design [64]. Its contribution to evidence development therefore lies less 
in identifying causal mechanisms than in initiating research programs and moti-
vating further investigation. Nevertheless, this approach remains highly prevalent 
in VR research: recent systematic reviews [65], [66] show that most VR studies still 
adopt media comparison designs, typically contrasting immersive VR with conven-
tional instruction.

The value-added research approach adopts a more differentiated perspective 
by focusing on the targeted modification of specific design features rather than on 
comparisons between entire media systems. Typical questions address whether 
elements such as explanatory feedback or personalized language improve learn-
ing outcomes or whether the omission of particular features reduces performance. 
Its strength lies in its theoretical precision, as it enables the identification of effec-
tive design principles and contributes to the development of instructional theories 
[67], [68]. However, the resulting findings are often context-dependent and not read-
ily generalizable. For evidence development, this approach provides building blocks 
for design-oriented recommendations that extend beyond the demonstration of over-
all effects. The number of VR-enhanced learning studies following this approach has 
increased. For example, Klingenberg et al. [69] showed that generative learning strat-
egies embedded in VR can enhance learning when integrated into already engaging 
environments. Other studies likewise demonstrate how specific instructional features 
can add value beyond conventional instruction. Overall, this development reflects a 
shift toward isolating the contributions of individual design elements in VR research.
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The ATI or LTI approach broadens the perspective by systematically incorpo-
rating individual learner characteristics. Its aim is to identify interactions between 
learner characteristics, such as prior knowledge, motivation, or self-regulation, and 
specific media-based interventions. Typical questions include: “Do learners with 
high prior knowledge benefit more from simulations than beginners?” or “What 
role does metacognitive knowledge play in the use of adaptive learning systems?” 
The advantage of this approach lies in its practical relevance, as it takes learner 
heterogeneity into account and thereby enables more differentiated design deci-
sions. A frequent criticism is that ATI/LTI studies are methodologically complex 
and require large samples to detect interaction effects reliably [70]. For evidence 
development, this approach helps bridge the gap between theory and practice by 
identifying the conditions under which, and the learners for whom, specific technol-
ogies are effective. In VR-enhanced learning, early empirical studies already provide 
proof of concept for this approach. For example, Han and colleagues [53] conducted 
an immersive VR experiment that tested signaling tools across learners with dif-
ferent levels of prior knowledge, showing that the effect of signaling depends on 
learner aptitude, specifically prior knowledge. An earlier example is provided by 
Chen et al. [71], who compared guided and non-guided exploration modes in VR 
across learners with different characteristics and found that navigational aids 
benefit learners differentially.

2.4	 Research designs in educational technology

Educational technology research cannot be understood solely by distinguishing 
among theoretical approaches. It must also be examined through the methodological 
designs by which these approaches are operationalized. Each research tradition is 
characterized by recurring design patterns that reflect its epistemological orien-
tation and its emphasis on internal or external validity. Systematic reviews and 
meta-analyses [72], [73], [74] indicate that these patterns have persisted across decades 
of research rather than representing arbitrary or isolated methodological choices.

The media comparison approach is rooted in the experimental paradigm and 
seeks to identify causal relationships between instructional media and learning 
outcomes. It typically relies on controlled experiments, quasi-experimental pre-post 
designs, and standardized assessments intended to maximize internal validity 
by controlling confounding variables and standardizing treatment conditions 
[5], [6], [75]. This design logic follows the tradition established by Shadish, Cook, 
and Campbell [13], who argue that randomized and controlled experiments remain 
the most reliable means of inferring causal relationships. However, the high degree 
of control that supports internal validity may also reduce ecological realism and, 
consequently, external validity [76]. Findings from tightly controlled laboratory 
studies therefore often require replication in naturalistic settings to establish their 
generalizability [47]. In VR research, this logic is reflected in the predominance of 
highly controlled laboratory experiments, in which participants are typically invited 
to university laboratories and exposed to virtual environments under artificial and 
standardized conditions. Such studies seek to isolate causal effects by minimizing 
contextual variability and measuring learning-related correlates with high preci-
sion. Consequently, VR research has developed empirically validated and widely 
used instruments for assessing VR-specific constructs such as presence, including 
the Multimodal Presence Scale developed by Makransky, Lilleholt, and Aaby [77].
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The value-added approach shifts the focus from causal attribution to the peda-
gogical and practical effectiveness of interventions. Rather than comparing media 
per se, it examines the contribution of specific instructional designs or technological 
affordances to measurable improvements in learning processes. Methodologically, 
this approach often employs longitudinal or within-subject designs, mixed methods, 
and design-based research, thereby combining experimental control with contextual 
realism [78], [79], [80]. These designs correspond to what Slavin [76] terms effec-
tiveness studies, which emphasize sustained impact and external relevance over 
isolated treatment effects. The value-added tradition therefore occupies an inter-
mediate position along the validity continuum: it combines the rigor of controlled 
designs with the authenticity of field-based inquiry and seeks to balance internal 
and external validity within iterative, practice-oriented research cycles. In VR-based 
learning research, value-added perspectives are increasingly used to determine 
how instructional design features contribute to meaningful learning. Accordingly, 
Mulders and colleagues proposed the Meaningful iVR Learning Framework [81], 
which posits that the added value of VR emerges when immersion, interaction, and 
imagination, as key features of VR learning, are purposefully aligned with instruc-
tional goals such as reducing extraneous load, segmenting complex tasks, and fos-
tering generative learning activities. Numerous empirical studies have investigated 
which instructional methods effectively support VR-based learning. For instance, 
segmentation and pretraining have been shown to reduce cognitive load and 
enhance comprehension in VR-based science learning [82], [83], while generative 
learning strategies such as self-explanation or summarization significantly improve 
knowledge transfer and retention [84], [85]. Collectively, these studies exemplify 
the value-added logic in VR research: they move beyond media comparison and 
instead identify design and instructional principles that make immersive learning 
pedagogically effective.

The ATI/LTI approach [70] advances this methodological development by empha-
sizing context sensitivity and individual variation. Rather than testing universal 
effects, ATI/LTI studies investigate for whom and under which conditions particular 
instructional interventions are effective. This requires analytical strategies capable 
of detecting moderator and mediator effects, such as regression analyses, multilevel 
modeling, and cluster or interaction analyses, which reveal the mechanisms and 
boundary conditions underlying observed effects [13], [86]. Because these designs 
prioritize heterogeneity and contextual variation, they can strengthen external 
validity by showing whether and how causal mechanisms generalize across popu-
lations, settings, and time [47]. In VR-based learning research, ATI/LTI principles are 
increasingly applied to examine how learner characteristics moderate the effective-
ness of immersive experiences. Studies have shown, for instance, that learners with 
higher spatial ability benefit more from immersive visualization than those with 
lower spatial ability [87], while novice learners may experience greater cognitive 
load and therefore require additional instructional support [88], [89]. Such research 
demonstrates that VR-based learning is not universally effective but depends on the 
alignment between learner aptitudes and the instructional design of the virtual envi-
ronment. By systematically investigating these interactions, VR studies contribute to 
a more differentiated understanding of when and for whom immersive learning 
environments are most beneficial, thereby extending external validity through 
contextual sensitivity.

Figure 1 illustrates the relationship between causal inference and validity 
in educational technology research. The horizontal axis represents increasing 
strength of causal inference, while the vertical axis reflects a shift from internal 
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toward external validity. The plotted research designs indicate how methodological 
approaches are positioned along these dimensions: media comparison studies, par-
ticularly RCTs, emphasize strong causal inference and internal validity, value-added 
approaches occupy an intermediate position, and ATI/LTI approaches place greater 
emphasis on external validity, contextual variation, and the analysis of differential 
effects. As Shadish, Cook, and Campbell [13] emphasize, progress in causal under-
standing depends not on privileging one form of validity but on their systematic 
integration. Educational technology research can develop cumulatively when evi-
dence from internally and externally focused studies is connected across research 
programs, while individual studies retain clearly defined methodological priorities.

Fig. 1. Research designs by strength of causal inference and validity dimension

2.5	 Relevant outcomes in educational technology research

Educational technology research is concerned not only with determining whether 
an intervention is effective or whether its findings can be generalized to other con-
texts. Equally important is the question of which learning outcomes are assessed 
and whether they adequately reflect the complexity of educational processes. The 
practical relevance of a study therefore depends on whether the selected outcomes 
align with its specific educational objectives and intended scope. When the impact 
of technology is evaluated exclusively through cognitive performance measures, the 
resulting perspective remains narrow and neglects motivational, emotional, and 
behavioral dimensions [67], [90]. Indeed, meta-analyses indicate that the predomi-
nance of cognitive outcome measures has persisted across decades of digital learn-
ing research [73], [74]. This pattern is also well documented in VR research [58]. 
However, not every study needs to assess all possible outcome dimensions. Outcome 
selection should therefore be theoretically justified and aligned with the mecha-
nisms, instructional goals, and forms of learning addressed by the intervention.
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Broadening the conceptualization of outcomes is particularly important in edu-
cational research. Unlike pharmacological studies, in which an intervention may 
target a single measurable parameter, such as blood pressure, learning processes are 
inherently multidimensional and context-dependent. In addition to the acquisition 
of knowledge and skills, they encompass affective, motivational, social, and behav-
ioral processes that unfold over time. If these dimensions are overlooked, research 
risks reducing education to a purely cognitive endeavor and failing to capture its 
broader transformative potential [64].

Buchner and Mulders propose a framework that distinguishes four key outcome 
dimensions: cognition, affect, psychomotor performance, and efficiency [91]. This 
structure enables the systematic categorization of research findings while simulta-
neously highlighting their relevance to educational practice. For the purposes of this 
paper, the framework is extended by adding a behavioral dimension, as behavior 
precedes learning gains in many learning models and may therefore provide an 
early indication of emerging effects [92], [93].

Table 1 summarizes the five outcome dimensions considered in this paper 
(i.e., cognition, affect, psychomotor performance, efficiency, and behavior), provides 
brief definitions, and presents illustrative examples together with possible measure-
ment methods. The classification is intended as a heuristic rather than an exhaus-
tive taxonomy and may be extended to include additional outcome categories. 
The examples are therefore not prescriptive, rather, they illustrate how different 
types of outcomes can be operationalized in educational technology research.

Table 1. Outcome variables in educational research and their measurement

Variable Definition Exemplary Constructs Measurements

Cognition Refers to mental processes 
such as understanding, 
remembering, analyzing, 
or problem-solving.

•	 Factual knowledge
•	 Conceptual understanding
•	 Ability to transfer
•	 Problem-solving skills
•	 Cognitive load

•	 Knowledge tests (e.g., multiple choice, 
open questions)

•	 Transfer tasks
•	 Eye movement measurement
•	 Cognitive load questionnaires 

(e.g., NASA-TLX [94])

Affect Includes emotional and 
motivational aspects  
of learning.

•	 Motivation to learn
•	 Interest
•	 Self-efficacy
•	 Flow experience
•	 Frustration tolerance
•	 Empathy
•	 Perspective taking

•	 Questionnaires (e.g., SELLMO [95], 
IMMS [96])

•	 Surveys
•	 Emotional scales (e.g., PANAS [97])
•	 Observation of non-verbal signals
•	 Measurement of heart rate or hormones

Psychomotor  
skills

Refers to physical-motor learning 
performance (i.e., learning 
and performing movements 
or actions).

•	 Fine motor skills
•	 Precision of action
•	 Coordination
•	 Dexterity
•	 Test implementation

•	 Observation and videography
•	 Error rates in the execution of actions
•	 Motion sensors
•	 Time measurements for sequences

Efficiency Ratio between the effort 
invested (e.g., time, resources, 
cognitive load) and the learning 
success achieved.

•	 Time spent per learning success
•	 Ratio of input to output
•	 Subjective assessment of the 

effort-benefit ratio

•	 Time-learning performance ratio
•	 Effort estimates
•	 Cost-benefit analyses
•	 Questionnaires on perceived efficiency

Behavior Examines longer-term changes 
in learning behavior.

•	 Use of learning strategies
•	 Media selection behavior
•	 Transfer to real situations

•	 Analysis of log data
•	 Learning diaries
•	 Follow-up interviews
•	 Observation of behaviors
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Existing frameworks offer important but partial perspectives on the evaluation of 
educational technologies. Validity-oriented frameworks such as UTOS distinguish the 
units, treatments, outcomes, and settings across which findings may generalize [14]. 
Extensions such as M-STOUT additionally incorporate mechanisms and time, thereby 
providing a more differentiated account of external validity [47]. These approaches 
are particularly valuable for assessing the scope of empirical claims, but they do 
not specify how different research traditions in educational technology generate 
distinct forms of evidence. Research approaches such as media comparison, value- 
added, and ATI/LTI studies address this methodological dimension by distinguish-
ing whether a study examines overall media differences, specific instructional fea-
tures, or interactions between learner characteristics and treatments. However, 
these approaches do not themselves provide an integrated account of internal and 
external validity or of the range of educational outcomes that may be relevant to a 
technological intervention.

Outcome-oriented classifications, in turn, broaden the evaluation of educational 
technologies beyond cognitive achievement by incorporating affective, psychomotor, 
efficiency-related, and behavioral dimensions [91]. Their primary contribution lies 
in clarifying what constitutes an educational effect, but they do not address how such 
effects should be causally identified, generalized, or related to different research 
approaches.

The proposed framework does not replace these established perspectives. Rather, 
it integrates their complementary contributions by linking three questions: What 
kind of claim can a study support in terms of internal and external validity? Which 
research approach corresponds to the study’s question and stage of evidence devel-
opment? Which outcomes adequately represent the educational purpose of the 
technology? This integration is particularly relevant for emerging technologies 
such as VR, whose effects depend on the interplay among technological features, 
instructional design, learner characteristics, implementation settings, and selected 
outcome measures.

However, the research approaches and validity dimensions discussed above 
should not be interpreted as competing standards that every study must satisfy 
simultaneously. Instead, they represent directed research scopes corresponding to 
different questions and stages of evidence development. A controlled media com-
parison study may appropriately prioritize causal attribution, whereas a field-based 
implementation study may focus on feasibility, contextual conditions, and trans-
ferability. Integration becomes particularly relevant when an instructional design 
involves multiple interacting components, when findings are intended to inform 
implementation across contexts, or when learner characteristics are expected to 
moderate the effectiveness of an intervention. In such cases, combining evidence 
across validity dimensions, research approaches, and outcome categories can pro-
vide a more comprehensive account of whether, how, for whom, and under which 
conditions an educational technology is effective.

3	 AN INTEGRATIVE FRAMEWORK FOR RESEARCH ON EMERGING 
EDUCATIONAL TECHNOLOGIES

The preceding sections demonstrate that research on emerging educational tech-
nologies cannot be evaluated according to a single methodological criterion. Studies 
differ in the questions they address, the degree of causal control they require, the 
contexts to which their findings are intended to apply, and the outcomes through 
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which educational value is assessed. These differences do not necessarily constitute 
methodological weaknesses. Rather, they reflect directed research scopes that are 
appropriate for different stages and purposes of technology-related research.

The proposed framework integrates three dimensions: validity, research 
approach, and educational outcomes. It does not require every individual study to 
maximize internal and external validity, combine all research approaches, or assess 
all possible outcomes. Instead, it serves as an orientation tool for positioning individ-
ual studies within broader cumulative research programs.

In the context of VR-based learning, for example, a controlled media comparison 
study may provide initial evidence of differences between an immersive applica-
tion and a conventional instructional format. A subsequent value-added study may 
isolate the contribution of specific instructional features, such as guidance, feedback, 
or learner control. ATI/LTI research may then examine whether these features func-
tion differently depending on learners’ prior knowledge, spatial ability, motivation, 
or technological experience. Field and replication studies can further determine 
whether the identified effects persist across institutions, instructional arrangements, 
and longer implementation periods.

Through this mapping, the framework supports both research design and 
evidence interpretation. It helps researchers clarify what type of claim a study can 
support, which outcomes are relevant to its instructional purpose, and how its find-
ings contribute to the cumulative evaluation of an emerging technology. Throughout 
the framework, VR is used to demonstrate how these methodological decisions shape 
the development of practically relevant and transferable evidence.

3.1	 Validity dimension

The validity dimension defines the scope of the claims a study can support. 
Internal validity concerns the credibility of causal attribution [16], whereas external 
validity concerns the transferability of findings across learners, instructional set-
tings, implementation contexts, and time [14], [47]. Within the proposed framework, 
these dimensions are not treated as requirements that every study must maximize 
simultaneously. Rather, they represent distinct methodological priorities that can be 
coordinated across cumulative research programs.

3.2	 Research approach dimension

The research approach determines the type of question addressed and the 
evidence generated. Media comparison studies examine differences between instruc-
tional formats, value-added studies isolate the contribution of specific design fea-
tures, and ATI/LTI studies investigate interactions between instructional conditions 
and learner characteristics [70]. The framework conceptualizes these approaches as 
complementary research scopes rather than as a fixed hierarchy or sequence that 
every project must follow.

3.3	 Outcome dimension

The outcome dimension concerns which educational effects are considered rel-
evant to the purpose of an intervention. Depending on the instructional objectives, 
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studies may examine cognitive, affective, psychomotor, efficiency-related, or behav-
ioral outcomes [90]. The framework does not require all categories to be assessed. 
Rather, it promotes a theoretically justified alignment among the intended educa-
tional function of the technology, the selected outcome measures, and the claims 
derived from them.

3.4	 Illustrative application to VR-based second-language learning

The preceding sections have outlined the proposed framework, which integrates 
research approaches, validity dimensions, and outcome categories into a coherent 
perspective on educational technology research. The framework is intended not as a 
prescriptive model but as an orientation tool for understanding how methodological 
choices, validity considerations, and outcome selection interact. Accordingly, it does 
not assume that every individual study must simultaneously maximize internal and 
external validity, combine all research approaches, or assess all outcome dimen-
sions. Rather, each study adopts a directed research scope that reflects its specific 
question, theoretical assumptions, methodological priorities, and instructional 
context. The framework is intended to make these choices explicit and to demon-
strate how studies with different scopes can contribute complementarily to cumula-
tive evidence development.

To illustrate the practical use of the framework, consider the development of a VR 
(or AR) application for second-language acquisition [98], [99]. An initial media com-
parison study could examine whether learners using a VR-based language learning 
environment achieve different outcomes from those receiving conventional class-
room- or textbook-based instruction. Such a study may prioritize internal validity 
through standardized learning materials, comparable instructional time, and con-
trol of prior language proficiency. Depending on the instructional objective, relevant 
outcomes may include vocabulary acquisition, listening comprehension, speaking 
performance, motivation, or language-learning anxiety. The selected outcomes 
should therefore reflect the specific educational function attributed to the VR envi-
ronment rather than serve as a general test of whether VR “works.” A subsequent 
value-added study could investigate the contribution of individual instructional 
features within the VR environment, such as subtitles, corrective feedback, conver-
sational prompts, scaffolding, or interaction with virtual agents. Here, internal valid-
ity remains important for isolating the contribution of the selected feature, while 
external validity becomes increasingly relevant when the feature is intended for use 
across different instructional settings. Outcome selection may include not only lan-
guage performance, but also cognitive load, willingness to communicate, perceived 
competence, or interaction behavior. An ATI/LTI study could then examine whether 
the effectiveness of these features differs according to learners’ prior proficiency, 
motivation, anxiety, cultural background, or technological experience. Such analyses 
extend the scope of inference by identifying for whom and under which conditions 
a particular instructional design is effective. Finally, field-based and longitudinal 
studies could examine whether language skills acquired in VR transfer to authentic 
communication situations, remain stable over time, and can be feasibly integrated 
into regular language instruction.

More generally, the framework can help position each study according to its 
research scope, validity priorities, and selected outcomes. Its practical utility, there-
fore, lies not in prescribing a single comprehensive design but in supporting the 
coordination and interpretation of complementary studies within a cumulative 
research program.
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The following chapter builds on the framework’s conceptual foundation to derive 
recommendations for future research and practice. These recommendations trans-
late the framework’s key insights into actionable guidance by showing, for example, 
how different research designs can be combined to address both internal and exter-
nal validity, how outcome measures can be broadened beyond cognition, and how 
VR-based research designs can serve as a blueprint for investigating other emerging 
technologies. In doing so, the section aims to support researchers and practitioners 
in designing studies that are both methodologically rigorous and practically relevant.

4	 RECOMMENDATIONS FOR THE FURTHER DEVELOPMENT 
OF EDUCATIONAL TECHNOLOGY RESEARCH

4.1	 Principles for action and future research needs

The preceding discussion shows that, although educational technology research has 
generated important insights in recent decades, the resulting evidence often remains 
selective and fragmented. What is currently known? First, meta-analyses of media com-
parison studies indicate that, on average, emerging technologies rarely produce supe-
rior learning outcomes compared with traditional media [4], [100]. Second, value-added 
studies demonstrate that learning success depends not on the medium itself, but on 
specific design features, such as feedback, structuring, or the reduction of cognitive load 
[67]. Third, ATI/LTI studies show that effects are strongly influenced by learner char-
acteristics, including prior knowledge, motivation, and learning strategies [70], [101]. 
Overall, media effects are contingent on design, context, and learner characteristics [64].

To support the systematic coordination of these different research scopes, we 
propose a set of guiding principles for the further development of educational tech-
nology research. Based on the three dimensions of the framework (i.e., research 
approaches, validity, and outcomes), these principles emphasize complementary 
validity, the combination of research approaches, the integration of multiple learn-
ing outcomes, cumulative evidence development, practical relevance, and trans-
parency. Table 2 synthesizes these principles, illustrates them with examples, and 
outlines possible steps for implementation.

Table 2. Principles of action to guide future educational technology research

Principle of Action Description VR-Examples Indicative Implementation

Complementary validity Internal and external 
validity must be understood 
as interrelated rather than 
competing goals.

Controlled VR-simulation 
in medical education, later 
tested in real hospital training.

•	 Encourage sequential study designs that 
progress from controlled experiments 
to field trials.

•	 Promote funding schemes that explicitly 
require replication across contexts.

Combination of research 
approaches

Different research 
approaches (i.e., media 
comparison, value-added, 
and ATI/LTI) address 
complementary questions 
and can be linked across 
cumulative research 
programs where this 
is appropriate to the 
research objective.

Media comparison of VR vs. 
textbook, followed by value-
added analysis of VR-specific 
features, such as the integration 
of AI-based avatars.

•	 Design research programs in which 
different approaches are selected and 
combined according to the questions, 
maturity, and implementation context 
of the technology under investigation.

•	 Foster interdisciplinary collaboration.

(Continued)
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Table 2. Principles of action to guide future educational technology research (Continued)

Principle of Action Description VR-Examples Indicative Implementation

Multiperspective outcomes Outcome selection should 
reflect the educational 
purpose of the technology 
and may include cognitive, 
affective, psychomotor, 
efficiency-related, 
or behavioral dimensions.

VR-based motor skills training 
assessed through action 
precision (psychomotor) and 
long-term transfer of strategies 
(behavior).

•	 Justify outcome selection in relation to 
the instructional objectives and consider 
additional dimensions when they are 
theoretically or practically relevant.

•	 Develop standardized instruments for 
under-researched outcome dimensions.

•	 Encourage journals to accept studies that 
report broader sets of outcomes.

Cumulative evidence 
development

Evidence must be embedded 
in research programs 
and consolidated through 
replication, synthesis, 
and review.

Meta-analysis consolidating 
value-added research on 
multimedia principles in VR.

•	 Provide incentives for replication studies.

Practical relevance Research must connect 
to the needs of teachers, 
universities, and lifelong 
learning contexts.

Studies developing classroom-
feasible VR interventions that 
account for limited numbers 
of headsets, e.g., by rotating 
small groups through VR 
modules while others work on 
complementary tasks.

•	 Involve practitioners in co-design.
•	 Fund practice-oriented pilot studies.
•	 Ensure dissemination through 

professional development networks.

Transparency and 
comparability

Uniform reporting 
standards enable 
replication, synthesis, 
and meta-analyses, while 
open science practices 
enhance trust.

Publication of all outcome data 
from a null-effect study on a VR 
learning application.

•	 Establish reporting guidelines 
(e.g., CONSORT 2025 Statement) for 
educational research.

•	 Promote open data and open 
materials policies.

For researchers and practitioners working with emerging technologies, the prin-
ciples summarized in Table 2 can serve as a planning and reflection tool. In a VR 
project, for example, the framework can guide decisions about whether an initial 
study should prioritize causal isolation, authentic classroom implementation, the 
analysis of instructional features, or differences among learner groups. It can also 
support decisions about whether cognitive outcomes alone are sufficient or whether 
psychomotor performance, motivation, transfer behavior, and implementation effi-
ciency are needed to evaluate the educational purpose of the application. The frame-
work therefore translates methodological considerations into concrete decisions 
regarding study design, technology implementation, and evidence interpretation. 
More broadly, the principles provide a structured orientation for advancing educa-
tional technology research by showing how methodological rigor, diverse research 
approaches, comprehensive outcome perspectives, cumulative evidence, practical 
relevance, and transparency can be integrated into coherent research programs.

5	 DISCUSSION

The integrative framework provides a structured lens for examining research 
on emerging educational technologies by linking internal and external validity, 
research approaches, and outcome dimensions. Using VR as a paradigmatic appli-
cation context, the framework demonstrates how methodological choices shape the 
types of claims that can be made about technological effectiveness, instructional 
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value, learner-specific conditions, and practical implementation. Its contribution, 
therefore, lies not in prescribing a single ideal study design but in supporting the 
cumulative development of evidence across complementary research scopes.

5.1	 Strengths of the approach

A major strength of the proposed framework lies in its systematic integration of 
previously separate research traditions. Rather than treating media comparison, 
value-added, and ATI/LTI approaches as isolated paradigms, the framework con-
ceptualizes them as complementary components of a cumulative research process. 
This perspective makes explicit how validity considerations and outcome selection 
interact, thereby providing researchers with a structured orientation. By extend-
ing the outcome spectrum (i.e., cognition, affect, psychomotor skills, and efficiency) 
to include a behavioral dimension, the framework highlights long-term and practi-
cally relevant learning effects that have often been overlooked in previous research.

5.2	 Limitations and simplifications

Several limitations should be acknowledged. First, the framework constitutes 
a conceptual and methodological synthesis rather than an empirically validated 
measurement or causal model. The present article therefore cannot establish its 
feasibility or utility through empirical data. Future research should examine how 
reliably researchers can use the framework to classify studies, align research ques-
tions with designs and outcomes, and identify gaps within cumulative research 
programs. Its applicability should also be evaluated across different emerging 
technologies, educational sectors, and implementation contexts. Second, the focus 
on validity, research approaches, and outcomes necessarily abstracts from other 
influential dimensions, such as policy, technological innovation cycles, and orga-
nizational constraints [64]. Third, VR is used as an illustrative case, which may 
limit the generalizability of the framework. Although the framework is intended 
to be transferable to other technologies, such as AI-enhanced learning systems, this 
transferability remains to be demonstrated empirically. Finally, the proposed prin-
ciples imply institutional changes, including incentives for replication studies and 
the systematic adoption of open science practices, that are not yet widely estab-
lished in the field.

5.3	 Implications for research and practice

The framework has several implications for research and practice. The prin-
ciple of complementary validity highlights that rigorous laboratory experiments 
and authentic field trials should be conceived as sequential rather than competing 
stages. Across cumulative research programs, media comparison, value-added, and 
ATI/LTI studies can generate complementary evidence on whether, how, under 
which conditions, and for whom a technology is educationally effective. Individual 
studies may legitimately focus on only one of these questions, provided that their 
scope and evidential claims are clearly defined. Equally important is the broad-
ening of outcome measures. Cognitive, affective, psychomotor, efficiency-related, 
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and behavioral indicators are needed to capture the complex effects of educational 
technologies.

Moreover, the framework underscores the importance of cumulative evidence 
development. Meta-analyses and replication studies are essential for building a 
robust evidence base. It also emphasizes practical relevance, transparency, and com-
parability. Uniform reporting standards and open science practices, including open 
data, open materials, and the reporting of null findings, are crucial for replicability 
and cumulative knowledge building.

5.4	 Future directions

The framework serves as a starting point for a more collaborative and cumulative 
research culture in educational technology. Rather than producing an increasing 
number of isolated studies on individual tools or effects, future research should coor-
dinate study designs, share data and instruments, and test theoretically grounded 
interventions across diverse contexts and learner groups. This would enable not 
only stronger causal claims but also richer explanations of the mechanisms and 
conditions underlying effectiveness. For VR and other emerging technologies, 
this requires moving beyond novelty-driven evaluations toward longitudinal and 
cross-institutional research programs that combine laboratory precision with class-
room authenticity. By establishing such research infrastructures, the field can gen-
erate evidence that is rigorous, transferable, and responsive to rapid technological 
change. In this way, educational technology research can progress from fragmented 
experimentation toward a genuinely cumulative science capable of informing inno-
vation and practice.
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