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A B S T R A C T

In the last decade, the use of augmented reality as a learning support tool has been extensively researched,
largely due to the proliferation of augmented reality-compatible smartphones. However, findings related to
cognitive load levels remain mixed, with studies reporting both an increase and a decrease in cognitive load
while using augmented reality when compared to traditional media. This study investigates the influence on
cognitive load and learning outcomes of applying cognitive theory of multimedia learning principles to
augmented reality applications. Application design plays a pivotal role in determining cognitive load levels,
particularly extraneous load, yet cognitive theory of multimedia learning principles have been scarcely inves-
tigated in augmented reality contexts. A randomized experimental design was employed, in which 88 partici-
pants were assigned to one of three groups: augmented reality with a head-mounted display, hand-held
augmented reality, or video (control group). The educational materials for all conditions were designed ac-
cording to the principles of the cognitive theory of multimedia learning. Learning outcomes were assessed
through retention and transfer tasks following an activity involving a Tangram game. Bayesian analyses provided
evidence for no difference in extraneous load levels between conditions. Regarding performance, the findings
were inconclusive, showing evidence neither for difference nor equivalence between conditions in both retention
and transfer tasks.

This study supports the idea that the effectiveness of the cognitive theory of multimedia learning principles
can be extended to augmented reality. The encouraging results on extraneous load levels require further
investigation regarding performance.

1. Introduction

This study investigates how established cognitive theory of multi-
media learning (CTML) principles, known for their capacity to optimize
cognitive load (CL), influence extraneous load (EL) and learning out-
comes in augmented reality environments. By comparing a video-based
instruction (control group) with two augmented reality (AR) imple-
mentations, we examine whether these principles maintain their effec-
tiveness across different media. We hypothesize that CTML principles,
when properly implemented, will demonstrate comparable effectiveness
in both AR and video-based learning environments, particularly in terms
of managing extraneous load and supporting learning outcomes.

AR is a technology that allows information to be superimposed (e.g.,
3D models, holograms, text) on the real world in real time (Azuma,
1997; Carmigniani et al., 2011; Mann et al., 2023). Users can interact
with virtual elements as if they were part of their surrounding

environment by using various technical solutions, both for the type of
device used and for the mechanism for recognizing the real-world area
where additional information is overlaid. In hand-held AR (HH-AR), a
smartphone or a tablet is used to display the real world with additional
information overlaid on the screen of the device. In head-mounted
display AR, wearable devices like Microsoft HoloLens 2 allow for
hands-free simultaneous viewing of the real world and the overlaid in-
formation. Finally, spatial AR uses specific projectors capable of accu-
rately aligning holograms with the real world. These solutions can be
designed to place the additional information based on the recognition of
markers or specific shapes in the environment. Marker-based AR is a
tracking and registration technique that involves the use of markers,
such as printed symbols. These are used by the AR system to recognize
and track an object in the real world, and consequently display related
additional information. In marker-less AR, the system does not require
the presence of a physical marker but uses computer vision techniques to
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identify and track real-world features such as angles or material textures
(Zhou et al., 2008). AR can also provide different levels of realism and
various possibilities for interaction between the overlaid information
and the real world. In terms of realism, overlaid information can
represent stereotypical versions of emulated objects or else highly
faithful models (Grieves, 2019). Possibilities for interaction, can be
limited to the visualization in time and space of the overlaid information
or extend to its perfect synchronization with its real counterpart. Digital
twins represent the highest level of realism and interaction with reality.
They are digital models that replicate the real functioning of the
component that they represent (Batty, 2018).

AR has caught the attention of education researchers due to the
potential that its affordances offer for enhancing learning (e.g., Candido
et al., 2023; Yu, 2023). However, it is still unclear whether AR use can
increase or reduce CL and to what extent applying principles derived
from the CTML can influence CL levels. In their review, Akçayir and
Akçayir (2017) identify four studies on CL levels in AR learning tasks.
Two studies raise concerns about higher CL levels (Cheng & Tsai, 2013;
Dunleavy et al., 2009), while two others suggest a potential reduction in
CL (Bressler & Bodzin, 2013; Santos et al., 2014). Based on this, the
authors highlight the need for further studies to understand when AR use
might lead to cognitive overload, considering, among other factors,
interface characteristics.

1.1. Cognitive load theory

Cognitive load theory (CLT) emphasizes the limit of human cognitive
resources (Sweller, 1988, 2022; Sweller et al., 1998, 2019). Our
information-processing capacity is strongly dictated by what we know as
well as by our working memory. This latter is limited in both capacity
(Cowan, 2001; Miller, 1956) and duration (Peterson & Peterson, 1959).
On average, we are able to remember 7 ± 2 new pieces of information
and process about 3–4 items in parallel (combining, contrasting, work-
ing on the items) for a period of about 20 s. When processing complex
information, however, fewer chunks can be handled in working memory
(Baddeley, 2012). In a learning task, when the amount of information
being processed exceeds an individual’s cognitive capacity, cognitive
overload occurs. Cognitive overload is characterized by a rapid decline
in cognitive performance, resulting in the individual’s inability to
effectively manage new information and achieve expected learning
outcomes. CLT also seeks to understand how cognitive resources are
allocated during a learning task.

The most acknowledged model about CL involves a tripartite clas-
sification of cognitive load, distinguishing Intrinsic Load (IL), Extra-
neous Load (EL), and Germane Load (GL) (Sweller et al., 2019). IL
comprises objective and subjective components. The objective compo-
nent reflects task complexity, structure, and the number of elements
requiring simultaneous processing. The subjective component depends
on individual characteristics: innate cognitive abilities (e.g. working
memory capacity) and domain-specific prior knowledge (the expertise
in the specific topic). Prior knowledge differences create the most sig-
nificant variations in IL levels. For example, in the context of chess, prior
knowledge of various piece configurations makes it much easier for an
expert player to determine the best move in a given position, far more
than their innate cognitive abilities (Kalyuga, 2005; Sweller, 2011;
Sweller et al., 1998, 2019). The EL concerns how the design of educa-
tional materials impacts on CL: an effective arrangement of learning
materials allows for saving cognitive resources in understanding the
structure of the educational material itself, allowing to concentrate
attention on the learning task. Finally, the GL represents the working
memory used to structure the information in mental schemes and to link
them to already known information (Paas et al., 2010). Although
conceptually distinct, IL and EL, when measured using validated
self-report scales, have often shown to be correlated. EL levels assume
particular importance when the task generates a significant amount of IL
(Paas et al., 2003; Sweller, 1994). This is because it is difficult to find

high levels of EL in tasks with low IL in the data, otherwise there would
be no discernible impact on performance. In compliance with this
conclusion, Krieglstein et al. (2022) note that in presence of very simple
tasks and greater available cognitive resources, it is not possible to
detect high levels of EL, as the ease of the task allows for compensating
for the elements of EL, without them interfering with learning.

Defining when a task can determine good levels of IL becomes then a
central point when intending to measure the levels of EL. To do this, it is
foremost necessary to first consider the subjective component of IL – in
terms of prior knowledge (Kalyuga, 2005) –and then to examine the
objective component – namely the number of elements that must be kept
in mind during the execution of the task (Miller, 1956). The complexity
and interconnection of the elements to be analyzed also have a signifi-
cant impact, substantially reducing the number of pieces of information
we are capable of handling (Cowan, 2010). To assess a task’s IL, three
factors require sequential evaluation: the learner’s prior knowledge of
the subject serves as the starting point, followed by an analysis of the
cognitive demands required for task execution, and concluding with an
examination of implemented strategies for focusing attention on key
information elements.

1.2. Cognitive load in AR

Studies investigating the use of AR in education have produced
mixed results with respect to CL. A review by Avila-Garzon et al. (2021)
has reported a reduction in CL, while others have found contradictory
results (Akçayır & Akçayır, 2017). Several factors can influence CL
levels in AR-based educational settings. The target population (e.g., the
age of the participants and their education level), can undoubtedly be an
intervening variable when looking at the impact of AR on CL levels;
however, in this context, we focused on the main aspects that emerge
from the literature as factors that have a significant impact and can
easily impact CL levels when using AR, although being still
under-investigated. The following factors will be discussed: (1) the type
of AR technology used, (2) the choice of a control group in comparative
studies, (3) the learning task, and (4) the CL measurement instrument
employed. Although no meta-analyses have investigated the relative
impact of these factors yet, we will discuss each of them, and conclude
with proposing what we consider the most crucial factor – (5) the
application of CTML principles - which will be addressed in detail in the
following section.

Starting from the first factor, most reviews consider studies con-
ducted with HH-AR support (Akçayır & Akçayır, 2017; Garzón & Ace-
vedo, 2019). However, Buchner et al. (2021a) report substantial
differences depending on the technological solution chosen. Comparing
CL levels and performance, spatial AR seems to produce better outcomes
than HMD-AR and HH-AR (Alves et al., 2019). The advantage of spatial
AR in CL and learning outcomes was also demonstrated in previous
usability studies (Baumeister et al., 2017; Hochreiter et al., 2018).
However, spatial AR is rarely employed in educational contexts. Us-
ability studies indicated that HMD-AR, especially using the HoloLens
device, resulted in higher CL levels than a screen-based solution. This
effect diminished with the HoloLens 2 (Seeliger et al., 2022). No
meta-analyses have quantified the differences among these technical
solutions, although these differences are evident, particularly favouring
spatial AR.

Although no studies have directly investigated the effect of different
types of control groups on CL levels, we examined the effects of AR on
learning outcomes, based on the assumption that higher CL levels often
correspond to poorer learning results (Sweller, 2019). Based on the
meta-analysis conducted by Yu (2023), we extracted the reported effect
sizes for learning outcomes. We excluded studies without control groups
(e.g. Chin & Wang, 2021) and those with anomalous effect sizes
(Gonzalez et al., 2020; Ibáñez et al., 2014). The studies were then
categorized into two groups: comparisons with "learning as usual" (LaU)
and comparisons with other experimental groups. The weighted average
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effect size was d = 1.28 for LaU comparisons and d = 0.63 for com-
parisons with other experimental groups. This disparity suggests that the
choice of control group could have an important impact on CL levels.

Another factor influencing CL is the learning task. Roca-González
et al. (2017) demonstrated AR effectiveness in tasks requiring high vi-
suospatial skills. In such contexts, AR can reduce CL levels during task
execution (Lee et al., 2020), although not always producing large effect
sizes (Gecu-Parmaksiz& Delialioğlu, 2020). Exceptional results favoring
AR have been observed in physics (Ibáñez et al., 2014) and nursing
studies (Gonzalez et al., 2020). However, these cases lack information
about CL levels.

Finally, the studies reported in recent meta-analyses on AR (Garzón
& Acevedo, 2019; Yu, 2023) often have not employed measures capable
of distinguishing between the different components of CL. Therefore,
this could be an aspect that contributes to the unclear effects of using AR
on CL, as we are unable to distinguish whether AR use might influence IL
or EL levels. The application of the cognitive theory of multimedia
learning (CTML) principles is finally a very important factor that can
impact CL levels, particularly with regard to EL levels. For this reason,
we will discuss it in detail in the next section.

1.3. Cognitive theory of multimedia learning

The Cognitive Theory of Multimedia Learning (CTML; Mayer, 2002,
2014, 2020; Mayer & Fiorella, 2021), which is influenced (inter alia) by
CLT, is an evidence-based theory for managing CL in learning supported
by multimedia. The CTML has demonstrated the effectiveness of a series
of specific principles for reducing extraneous processing. Among these
are the principles of coherence, signaling, spatial contiguity, and tem-
poral contiguity. Additionally, principles aimed at facilitating the
management of information flow have been identified, such as the
principles of segmenting, modality, and closely related to this, the voice
principle. While the first group of principles primarily impacts EL, the
second group aims to avoid the risk of exceeding the available cognitive
resource limits, even for essential processing of learning information,
thereby influencing IL. Table 1 presents the definitions of the previously
mentioned principles, along with their related references. Since the

evidence for these principles is very robust, we have cited only the first
study addressing the single principle and a recent review or
meta-analysis on it. In the next section we focus on how CTML principles
have been investigated in studies using AR.

1.4. Related works

Research on applying CTML principles to immersive technologies is
still in its infancy and has primarily focused on immersive virtual reality
(IVR). Several studies have explored the effectiveness of CTML princi-
ples in virtual environments (Makransky et al., 2017b, 2019; Meyer
et al., 2019), but the results have not always been consistent with those
observed in traditional media. For example, the redundancy principle
has not produced the same effects observed in non-immersive contexts
(Baceviciute et al., 2022; Makransky et al., 2019; Moreno & Mayer,
2002). This discrepancy highlights the need to explore the applicability
of CTML principles across various immersive technologies, including
AR.

Indeed, research on applying CTML principles to AR is even more
limited compared to IVR. Çeken and Taşkın (2022), in their review,
found that none of the studies examined made explicit reference to
CTML in creating educational materials for AR. Despite the absence of
research on CTML, some researchers have begun to explore the opti-
mization of AR interfaces using multimedia learning principles (Dabor
et al., 2019; Rodenburg et al., 2018), suggesting a growing interest in
adapting these principles to the AR context as well as in testing their
validity. Elford et al. (2022) studied the effects of AR on learning out-
comes and CL in chemistry education, finding no significant differences
in learning outcomes or IL and EL levels between AR and traditional
methods. Although their study shared the goal of studying how to reduce
EL with our research, they did not explicitly reference CTML nor apply
specific principles to achieve this result.

In contrast, Thees et al. (2020) conducted a study on the use of AR
with HoloLens 2 in physics education, explicitly applying spatial and
temporal contiguity principles to reduce EL. Their AR system integrated
real-time data visualization with experimental equipment, allowing
students to observe numerical values, false-color images, and graphs
directly on the heated metal rod. Results showed that the AR system
significantly reduced EL, as measured by a self-report scale. However, no
significant effects were observed on learning outcomes nor on IL.
Additionally, the study did not control for the effect of possible inter-
vening variables, such as time spent with the different technological
supports.

The lack of applying the segmentation principle might have further
emphasized the effectiveness of AR in using spatial and temporal con-
tiguity (Mayer, 2020, p. 236). Nevertheless, the fact that AR served as
support for executing a preparatory activity for learning rather than for
learning itself, which was obtained from textbook study, might explain
why no significant differences were found in learning outcomes.

Despite these studies, a significant research gap still remains. In the
latest edition of the multimedia learning handbook (Mayer, 2005), AR
was not explored in depth among the technologies that can benefit from
applying CTML principles. Although the immersion principle has been
introduced for IVR, which could potentially apply to AR as well
(Makransky, 2021, p. 296), specific studies systematically exploring the
application of CTML principles to AR are still lacking. This gap in the
literature underscores the need for further research to understand how
CTML principles can be effectively applied and adapted in the AR
context to improve learning and manage cognitive load.

1.5. Aims and research question

From the analysis of previous literature, it is clear that there is still no
definitive answer regarding the effects of AR on CL, particularly in terms
of EL. Moreover, educational AR applications developed so far have not
consistently applied or verified the validity of CTML principles. It is

Table 1
List of key principles for reducing intrinsic load (IL) and extraneous load (EL).

Principle Description References

Principles aimed at reducing IL
Segmenting People learn better when a

multimedia message is presented in
learner-paced segments rather than
as a continuous unit.

Mayer & Chandler, 2001;
Rey et al., 2019

Modality People learn better from a
multimedia message when the words
are spoken rather than written.

Mousavi et al., 1995;
Ginns, 2005

Voice People learn better when the words
in a multimedia lesson are spoken in
an appealing human voice rather
than a machine voice.

Mayer et al., 2005; no
review, or meta-analysis
found

Principles aimed at reducing EL
Coherence People learn better when extraneous

information is excluded from
multimedia lessons.

Harp & Mayer, 1997;
Rey, 2012

Spatial
Contiguity

Place printed text next to the
corresponding part of the graphic.

Mayer, 1989; Schroeder
& Cenkci, 2020

Temporal
Contiguity

Present corresponding visual and
verbal material at the same time.

Mayer & Anderson, 1991;
Ginns, 2006

Signaling People learn better when cues are
added that highlight or spotlight the
key information in a multimedia
lesson and its organization.

Yarbus & Yarbus, 1967;
Alpizar et al., 2020.

Note. While Mayer identifies the voice principle as supporting generative pro-
cessing, here this principle is considered to reduce IL. A human voice was used to
avoid potential issues associated with robotic voices, rather than to enhance
appeal.
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plausible to hypothesize that AR applications developed following
CTML principles could minimize EL levels and, consequently, improve
learning outcomes. Testing individual principles of greater interest for
AR – namely spatial contiguity, temporal contiguity, and signaling –
would inevitably involve excluding some core principles. For example,
to test the effectiveness of spatial and temporal contiguity (Küçük et al.,
2016), it would be necessary to ignore segmenting, otherwise no effect
would be observed (Mayer, 2021a). Similarly, testing signaling, where
AR could operate directly in the real world, would involve ignoring the
application of coherence (Mayer, 2021a).

Our intent, instead, was to develop an application in line with the
core principles of CTML while simultaneously verifying its effectiveness.
To this end, we decided to compare AR with the medium which is most
similar to this technology, and for which CTML principles have been
extensively tested, namely video (Mayer, 2021b). In this context, we
formulated the following research questions and hypotheses:

RQ1: Do the levels of IL and EL experienced by learners differ
depending on whether they use HH-AR, HMD-AR, or video
instruction?
HP1a: The selected task will elicit a significantly higher level of IL
compared to the familiarization phase.
HP1b: EL levels will not differ across conditions during all phases of
the learning task.
RQ2: How do learning outcomes, specifically task completion rates,
differ among students using HH-AR, HMD-AR, and video
instruction?
HP2a: The task completion rate will be equivalent for students in the
retention task.
HP2b: The task completion rate will be equivalent for students in the
transfer task.

2. Materials and methods

To test our hypotheses, we conducted a quasi-experimental study
comparing two AR applications (HH and HMD) and a video, each
developed in accordance with multimedia learning principles. We chose
to test two AR modalities since the various AR technological solutions
are often not distinguished in existing studies. In particular, we chose to
test HH-AR and HMD-AR because the former has been the most used in
studies so far, while the latter could represent a new frontier for AR and
could be particularly relevant in education, as it gives the possibility to
the user to have both hands at disposal. In the following sections, we will
present the participants, the procedure, and the measurements

employed. We have also included two intermediate sections about the
choice of the task and the specific principles we applied within the
application, as these aspects are particularly relevant to the research
question.

2.1. Material: tangram task

Firstly, we had to identify a task capable of inducing sufficiently high
IL levels. The literature suggests two methods: the manipulation of vi-
suospatial information with varying degrees of difficulty, and the
management of the amount of information to be memorized (Vanneste
et al., 2021). We opted for the former method. The tangram game
proved to be a particularly suitable activity for this purpose, as it is
effective in increasing CL levels in visuospatial tasks (Vanneste et al.,
2021; Morton et al., 2022). The tangram involves creating various
shapes using seven tiles: five triangles, one square, and one parallelo-
gram. This game is adaptable to creativity and problem-solving exer-
cises, depending on the instructions provided. Since our aim was to
increase IL across time, we asked participants to compose two specific
shapes: a square and a stylized house (Fig. 1). Traditional visuospatial
tasks were not employed for two different reasons: firstly, because we
wanted the task to be approached with a specific strategy for solving it;
secondly, because visuospatial tasks are usually tackled through
paper-based multiple-choice tests, which are less suitable for the crea-
tion of an AR application. Our goal is to select a task suitable for use with
all three adopted media, ensuring that none provides specific learning
advantages.

Our objective was not only to select a task that would allow us to
appreciate a noticeable change in IL levels, but also to facilitate the
learning of a problem-solving strategy by correctly applying the prin-
ciples of multimedia learning. It is possible to enable a solver to create
the desired shape with tangram tiles because the use of the right strategy
allows them to optimize their cognitive resources. From a geometric
analysis of tangram tiles, you find that each tile can be decomposed into
minimal units in the form of isosceles right triangles, as shown in
Table 2. In assembling the desired shape, the seven pieces must be
placed within a wooden frame that clearly delineates the area in which
the pieces must be positioned. This allows all seven pieces to be placed
only in the correct configuration. In other words, if the two largest pieces
are positioned inside the frame inefficiently in terms of space, it becomes
immediately evident that the remaining five pieces cannot be accom-
modated within the frame. Our strategy, based on the analysis of the
shapes and the constraints imposed by the edges of the frame, involved
inserting the pieces in descending order, from largest to smallest. This

Fig. 1. Square and stylized house.
Note. The square was used in the learning phase and the retention task. The stylized house was used in the transfer task.
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method imposes limitations on the subsequent pieces, facilitating
identification of the correct arrangement to create the desired shape. It is
reasonable to think that the solution to this task will result from the
combination of the strategy taught using multimedia materials as sug-
gested by the CTML (Mayer, 1999) and the interaction with the tangram
pieces and wooden shape which according to embodied cognition theory
enhances learning through direct sensorimotor engagement with phys-
ical objects (Wilson & Golonka, 2013).

In conclusion, while acknowledging that the solution to the problem
will not solely be the result of the strategy we taught, we believe that
choosing the tangram game has allowed us to have reasonable confi-
dence in determining good levels in IL levels, as well as to focus on a
learning outcome supported by the principles of multimedia learning.

2.2. Developing the three applications in line with multimedia learning
principles

The two AR applications and the video content were specifically
developed for the study by the research team. In the case of AR, the
application is based on Unity, supported by the MRTK 2 toolkit. As for
the videos, iVideo.education was used, an educational platform for
creating interactive videos.

To ensure comparability across conditions, the design of the appli-
cations was developed as similarly as possible, although accounting for
the different affordances offered by the various tools (see Fig. 2) for
detailed screenshots of the three applications). This involved over-
coming challenges, particularly in the development of AR applications,
to ensure that the differences between the compared media were mini-
mal, except for the technical differences intrinsic to the individual tools.
To optimize the CL levels in the three applications (see Table 3 for an
overview), we chose the principles that proved their effectiveness in our
baseline condition (video), according to the meta-analysis by Mayer
(2021), and applied them to the other two AR applications.

In particular, for managing essential processing, we applied the
segmentation and modality principles throughout the entire application.
The "voice principle" was implemented too, based on evidence from six
different studies indicating that the use of robotic voices can impair
learning outcomes, with a median effect size of d = 0.74 in favor of the
human voice (Mayer, 2021, p. 237). Concretely, information related to
the rules of the game, strategies for solving it, and suggestions for
reaching the final solution were presented in separate segments, with
words spoken by an appealing human voice. For reducing extraneous
processing, we implemented principles including coherence, spatial and
temporal contiguity and signaling. As per the signaling, spatial conti-
guity, and temporal contiguity principles, these were employed only
when various aids were provided during the execution of the task.
Therefore, the application of these principles resulted in some discrep-
ancies dictated by the different technological solutions (see Table 4):

Table 2
Classification of the tangram tiles.

Tile Description units Image

1, 2 Large Triangle 4

3 Medium Triangle 2

4 Parallelogram 2

5 Square 2

6, 7 Small Triangle 1

Fig. 2. Screenshots and instructions for the three conditions.
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while information could be displayed on real objects in AR, this was not
possible within the video. Principles related to generative processes
were excluded, with the aim of testing whether AR could be effective
even without the implementation of these, which should compensate for
the increase in CL levels (Makransky et al., 2019).

Additional differences inherent in the technological devices used in
the different conditions can be mentioned with respect to usability:
When displaying help in the video on a laptop, an attention shift is
needed to find correspondences between the video and reality. Although
the use of AR could mitigate this limitation, in the HH-AR condition it
became uncomfortable to view additional elements while holding the
phone and working with one hand on the wooden tiles. In contrast, in
the HMD-AR version, additional information could be displayed directly

Fig. 2. (continued).

Table 3
Multimedia learning principles implemented in the three applications.

Principle Application in the applications

Principles aimed at reducing IL
Segmenting Applied throughout the entire application
Modality Applied throughout the entire application
Voice Applied throughout the entire application
Principles aimed at reducing EL
Coherence Applied throughout the entire application
Spatial Contiguity Applied only when visual aids were presented
Temporal Contiguity Applied only when visual aids were presented
Signaling Applied only when visual aids were presented

Note. IL = Intrinsic Load, EL = Extraneous Load.

Table 4
Differences in applying multimedia learning principles across the three applications.

Differences V HH-AR HMD-AR

Spatial
Contiguity

Information displayed next to the image
on laptop screen

Information displayed next to real objects through the
screen of a smartphone

Information displayed next to real objects through the
lenses of the HMD

Temporal
Contiguity

Visual and verbal material presented
simultaneously on laptop screen

Visual and verbal material presented simultaneously on
real world through the screen of a smartphone

Visual and verbal material presented simultaneously on
real world through the lenses of the HMD

Signaling Applied on images in the video Applied on real word through the screen of a smartphone Applied on real world through the lenses of the HMD

Note. V = Video, HH-AR = Hand-Held Augmented Reality, HMD = Head-Mounted-Display Augmented Reality.

V. Candido and A. Cattaneo
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while proceeding with the execution of the task, facilitating interaction.

2.3. Participants

We recruited 90 students from a Swiss upper secondary level voca-
tional school, all of whom were enrolled in the second and third year of
sanitary facilities or heating systems installation programs. These pro-
grams are almost entirely attended by male students. All participants
voluntarily took part in the data collection, which was performed in
November 2022. Only participants who were unfamiliar with the
tangram game and completed the entire procedure were included in the
sample; two were excluded resulting in a final sample of 88 students (age
range: 15–33 years; mean age: 19.9 years; SD = 3.62, all males). Power
analysis indicates that a sample size of 84 is required to detect effects of
f = 0.25 (α = .05, 1 − β = 0.95) when comparing three groups across
three measurement points with repeated measures ANOVA, assuming a
small correlation of 0.20 between repeated measures. None of the stu-
dents involved had prior experience with AR. Participation was volun-
tary, and all participants signed a consent form before starting the
experiment. Participants were randomly assigned to the three conditions
(see Table 5).

2.4. Measures and instruments

This section describes the measures used, the scale used for admin-
istering CL, and the other measurements employed.

2.4.1. CL measurement
We used a self-report scale to distinguish different CL types. While

physiological measurements and secondary tasks provide continuous,
potentially more objective data, their interpretation still heavily relies
on subjective measures (Korbach et al., 2018). Self-report, though sub-
ject to bias, avoids the intrusiveness of alternative methods. We selected
the scale validated by Klepsch et al. (2017) because it consists of only 8
items (two for IL, three for both EL and GL) and can be employed in
multiple administrations. Furthermore, this scale has proven to be
effective in detecting levels of EL in multimedia environments
(Skulmowski, 2023) and to be suitable for tasks based on the principles
of multimedia learning (Krieglstein et al., 2022).

2.4.2. Timing and task completion measurements
To determine the completion times for the different tasks, we

referred to Baran (2007), who reported a study on tangram tasks, where
adults aged 20–30 completed two types of forms: The first had easily
recognizable tile contours, while the second featured shapes in which
tile contours were less distinguishable. Since our square falls into the
latter category, we referred to the completion times reported in that
study, which averaged 128 s and reached a maximum of 329 s. We also
considered the times reported by Nakano, who indicated an average
completion time of 483 s for the same task we identified as transfer.
However, in Nakano’s study, participants received no instructions on
how to solve the task. Thus, we considered the total duration of 330
s—excluding the time required to listen to explanations—sufficient for
the tasks included in our protocol and we developed our entire pro-
cedure within Baran’s (2007) range.

We subsequently divided the time among the various steps we had

planned, allocating 150 s for the first attempt, followed by 60 s for the
second, third, and fourth attempts, during which participants were
progressively guided by the instructions they received. Finally, after a
break, we allotted 60 s for all participants to complete the retention task,
as it was deemed simpler than tackling the task for the first time, and
once again 150 s for the transfer task to verify whether, after having
learned the strategy, participants were able to complete a similar task
within exactly the same amount of time.

During the initial familiarization phase, we measured the time
required to perform some simple actions while using the application in
AR conditions or interacting with the video player. Subsequently, during
the use of the application or the interaction with the player, we timed
the task completion in different attempts, assessing success or failure
based on completion within the established time limits. Task completion
was treated as a dichotomous variable: it was considered successful only
if all seven pieces were placed within the wooden shape within the
established time limit, and unsuccessful otherwise. Finally, participants
were asked if they were familiar with the game they had just interacted
with, without mentioning its name, to reduce the risk of communication
between students about the game and searches for solutions online.

2.4.3. Ease of use
We assessed the perceived ease of use immediately after the famil-

iarization task, given that AR, especially HMD-AR, is not widely adopted
and low familiarity with these technologies can impact EL and learning
outcomes. The four-item ‘ease of use’ subscale of the Technology
Acceptance Model (TAM) by Venkatesh and Davis (2000) was
employed.

2.5. Study procedure

Participants were randomly assigned to one of three conditions.
Students assigned to condition V learned to complete the Tangram by
watching a video, while students in the other two conditions received
the same instructions using AR. In the HH-AR condition, both visual and
textual instructions were displayed using a smartphone, whereas in the
HMD-AR condition, instructions were provided using the wearable de-
vice HoloLens 2. The whole procedure was conducted with one
researcher per participant and organized around three main phases:
familiarization, tangram resolution, and retention and transfer. During
the familiarization phase, participants learned how to use the applica-
tion’s features for the subsequent problem-task by interacting with the
menus of the two AR applications or with the video player. This phase
had two objectives: to allow participants to understand how to interact
with the devices and to determine whether there were significant dif-
ferences in CL levels among the three conditions during activities related
solely to the usability of the application. Our goal was to identify a
baseline about CL for the three interfaces, before introducing any task.
At the end of this phase, participants completed the CL scale for the first
time (Klepsch et al., 2017) and perceived ease of use scale (Venkatesh &
Davis, 2000).

In the second phase, participants performed the tangram task,
attempting to position the seven tiles inside the wooden frame. For the
first attempt, a time limit of 2 min 30 s was given, based on Baran et al.
(2007).

If the initial attempt did not lead to a solution within the set time, the
participant received the following instruction: "Try to insert the pieces
from the largest to the smallest, in this way, you will occupy a larger area
and you will understand more easily if the other pieces can fit into the
wooden form. Start by placing the first two." Afterwards, another minute
was given to solve the task. If it was not solved, the placement of the two
largest tiles was shown by the application, offering an extra minute to
solve the task. In case of further failure, the placement of two other tiles
was illustrated by the application, leaving only three elements to be
mentally managed.

The division into attempts was introduced to make the task execution

Table 5
Participant overview per condition.

Condition Instrument Participants Age (mean ± SD)

HMD-AR Microsoft HoloLens 2 28 19.8 ± 3.28 (16–31)
HH-AR Smartphone 30 19.4 ± 4.37 (15–33)
V Laptop 30 20.5 ± 3.08 (16–30)

Note. HMD-AR = Head-Mounted-Display Augmented Reality, HH-AR = Hand-
Held Augmented Reality, V = Video.
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more inclusive, to avoid overly high frustration, and to provide support
to participants. Participants had a total of 330 s available, equivalent to
the 329 s used by the slowest participant in Baran et al.’s (2007) study
and to prevent participants from engaging in long, frustrating exercise
sessions without receiving any instructions on how to proceed in solving
the task, as outlined in Nakano’s (2017) protocol. Regardless of the task
outcome, all participants were shown the solution by the researcher
without providing any explanation on the taught strategy, and then
asked to respond again to the CL scale.

After approximately 2min of waiting, each participant faced a task of
immediate retention, trying to reconstruct the same shape in a time limit
of 1 min. Subsequently, students were introduced to the transfer task,
which required solving a problem with characteristics similar to the
previous one. The house figure, in fact, presents patterns common to the
square, making it suitable for transfer. As in the initial task, participants

were given 2 min 30 s to complete it. Finally, students responded again
to the CL questions, referring to the transfer task. The instructions pro-
vided via audio and text are reported in Fig. 2, the entire procedure is
summarized in Fig. 3.

2.6. Data analysis

Data were analyzed using JASP software (Version 0.18.2). We chose
to use this software because it specifically supports Bayesian analyses
while also providing the possibility to perform inferential analyses
(Wagenmakers et al., 2018). For the hypotheses in which we aimed to
support the null hypothesis (HP1b, HP2a e HP2b), indeed, we integrated
inferential analyses with Bayesian analyses. We controlled for potential
intervening variables, namely tutorial completion times, perceived ease
of use of the applications, and age differences among participants. These

Fig. 3. Procedure summary.
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variables were examined for their influence on both EL levels and per-
formance in retention and transfer tasks. A repeated measures ANOVA
was utilized to observe IL levels across the three phases of the experi-
ment. Linear regression was applied to control for variables impacting
EL, while logistic regression assessed their direct impact on perfor-
mance. Lastly, ANCOVA and logistic regression were used to evaluate
the effects on EL levels and performance.

To support the null hypothesis in EL levels across conditions
(Jeffreys, 1939; Kass & Raftery, 1995; Oberauer, 2022), we used, in
addition to inferential tests, Bayesian ANCOVA, ANOVA and logistic
regression. For the inferential ANCOVA, the formula can be expressed
as:

LogELT1_mean = β0 + β1Condition + β2EaseOfUse_mean + β3(Condition ×
EaseOfUse_mean) + ε

Where LogELT1_mean represents extraneous load values, Condition
refers to the experimental group (HH-AR, HMD-AR, or video), Ease-
OfUse_mean is the centered covariate, and ε represents the error term. In
this case, we only considered the main effects.

For Bayesian ANCOVA, we focused solely on the interaction effect
between ease of use and conditions. Below, we report the syntax used in
JASP:

LogELT1_mean ~ Condition: EaseOfUse_mean

The syntax “:” indicates that only the interaction effect is analyzed,
without including main effects.

For the Bayesian analysis, we used the BF01, which represents the
ratio between the null hypothesis (0) and the alternative hypothesis (1).
The higher the value produced, the more likely the null hypothesis is
compared to the alternative hypothesis. For example, a BF01 = 3 in-
dicates that the null hypothesis is 3 times more likely than the alterna-
tive hypothesis (Goss-Sampson, 2020, pp. 39–40). To facilitate the
interpretation of the results, Table 6 presents the interpretation of the
bayes factor, commonly abbreviated as BF.

3. Results

In this section, we present the reliability of the scales used followed
by the results following the research hypotheses order.

3.1. Reliability test

In accordance with the findings of Klepsch and colleagues (2017),
who validated the scale, we tested the reliability of the subscales per
each submission time: IL, GL, and EL. The reliability, assessed using
McDonald’s omega (Goodboy and Martin, 2020) coefficient (ω), is re-
ported in Table 7.

Independently from the time measurement, reliability levels are al-
ways acceptable for IL and EL, but consistently too low for GL, which
was therefore excluded from the subsequent analysis. The reliability of
the perceived ease of use scale from the TAM was checked too and gave
good results (ω = 0.88, 95 % CI [0.84, 0.92]).

3.2. RQ1 cognitive load

The following section addresses hypothesis HP1a, according to
which the problem-solving task will be able to elicit significantly higher
levels of IL compared to the familiarization phase, and hypothesis HP1b,
according to which, due to the application of CTML principles across all
three media, no differences in EL levels will be observed among the three
conditions.

3.2.1. HP1a Intrinsic Load
Fig. 4 displays the descriptive statistics for IL across time (T1, T2, and

T3) and conditions (AR-HH, AR-HMD, V).
As already evident from the descriptive statistics, IL levels signifi-

cantly increased during the learning task, as well as during retention and
transfer tasks. To test this hypothesis, we initially conducted a repeated-
measures ANOVA. Due to violations of the normality assumption, a non-
parametric Friedman test was employed, revealing a significant effect
across the measurement phases (χ2 = 81.6, df = 2, p < .001,W = 0.46).
Durbin-Conover pairwise comparisons further demonstrated significant
differences between all measurement phases: Phase 1 and Phase 2 (F =
11.92, p < .001, r = 1.27), Phase 1 and Phase 3 (F = 8.43, p < .001, r =
0.90), and Phase 2 and Phase 3 (F = 3.50, p < .001, r = 0.37), indicating
substantial changes in Intrinsic Load over time.

3.2.2. HP1b extraneous load
To conduct the analysis on EL, three variables were controlled:

familiarization time perceived ease of use and age. Although Bayesian
statistics typically demonstrate reduced sensitivity to violations of as-
sumptions, we cautiously chose to adhere to the assumptions of
normality and heteroscedasticity where necessary. This necessitated the
transformation of EL data measured across three distinct time intervals.
The logarithmic transformation was applied to EL1 and EL3 to address
significant skewness, supported by Osborne (2010), underscoring its
efficacy in skewness reduction and variance stabilization. For EL2,
exhibiting lesser skewness, the square root transformation was adopted,
in line with Tabachnick and Fidell (2013). Both methods were assessed
across all distributions, with the optimal one chosen based on the
Shapiro-Wilk test.

Table 8 displays the descriptive statistics for EL across time (T1, T2,
and T3) and conditions (AR-HH, AR-HMD, V). The scale used for
measuring EL ranged from 0 to 9.
Controlled variables. Among the variables analyzed (see below,

Table 9), only the perceived ease of use measured after the familiar-
ization phase, had a significant impact on EL levels. A logarithmic
transformation was applied to meet the normality assumption (W =

0.99, p = .645). Both the intercept (β = 0.54, SE = 0.17, t = 3.26, p =
.002) and the effect of perceived ease of use (β = − 0.05, SE = 0.02, t =
− 2.41, p = .019) were significant, with an overall R2 of 0.08. This
suggests that the higher the perceived ease of use, the lower the
perceived EL levels.
Test of nonsignificant differences. To assess EL in the first time interval

Table 6
Bayes factor classification for H1 and H0 evidence.

BF10 Evidence for H1 BF01 Evidence for H0

1 No evidence 1 No evidence
1–3 Anecdotal evidence 1–3 Anecdotal evidence
3–10 Moderate evidence 3–10 Moderate evidence
10–30 Strong evidence 10–30 Strong evidence
30–100 Very strong evidence 30–100 Very strong evidence
>100 Extreme evidence >100 Extreme evidence

Note. BF10 = Bayes Factor 10, H1 = Alternative hypothesis, BF01 = Bayes Factor
01, H0 = Null hypothesis.

Table 7
Reliability test for the Cognitive load scale.

Test ω 95 % CI

IL-T1 0.69 [0.55, 0.83]
IL-T2 0.69 [0.56, 0.82]
IL-T3 0.62 [0.47, 0.77]
GL-T1 0.39 [0.19, 0.58]
GL-T2 0.52 [0.36, 0.67]
GL-T3 0.61 [0.49, 0.73]
EL-T1 0.65 [0.52, 0.77]
EL-T2 0.73 [0.63, 0.82]
EL-T3 0.83 [0.77, 0.89]

Note. IL = Intrinsic Load, GL = Germane Load, EL = Extraneous Load, T1 =

Familiarization, T2 = Learning Task, T3 = Transfer Task.
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for the three conditions, ANCOVA analysis was conducted controlling
for ease of use. To meet normality assumptions, EL values were log-
transformed. Homogeneity of variances and normality were confirmed
by Levene’s (p = .874) and Shapiro-Wilk tests (p = .221), respectively.
Results showed a significant effect of ease of use on EL F(1, 82) = 16.99,
p < .001. The condition had no significant effect F(2, 82) = 0.72, p =
.489. Regarding the interaction between condition and ease of use, the
analyses also showed no significant effect on EL: F(2, 82) = 0.47, p =

.864. The second and third time intervals were analyzed using ANOVA
to assess the effect of conditions on EL levels. The assumption analysis
confirmed homogeneity of variances and normality in both time in-
tervals through Levene’s test (p = .532; p = .721) and the Shapiro-Wilk
test (p = .148; p = .313), reporting non-significant results in both cases
(T2: F(2, 85) = 0.71, p = .494; T3: F(2, 85) = 0.34, p = .715.
Assessing Evidence for the Null Hypothesis. To examine the interaction

between experimental conditions and ease of use on EL levels, a
Bayesian ANCOVA was conducted for the initial measurement. A non-
informative prior was used to ensure the data were not influenced.
The interaction effect between the condition and perceived ease of use
showed strong evidence in favor of the null hypothesis (BF01 = 8.72,
error % = 0.006). Fig. 5 shows that if there were no significant differ-
ences in the perceived ease of use across the three conditions, there
would be no significant differences in EL levels. An ANOVA was then
used to check for significant equalities between conditions in the second
and third intervals (T2: BF01 = 5.62, error % = 0.028; T3: BF01 = 7.56,
error % = 0.026). The results of the pairwise comparisons are reported

in Table 10. The ease of use accounted for much of the observed dif-
ferences between conditions in the first time interval, as demonstrated
by the ANOVA result (BF01= 1.12, error %= 0.023), which, conversely,
reached broad significance in the ANCOVA.

3.3. RQ2 performance

In this section, we present the observed performance in the retention
and transfer tasks, testing hypothesis HP2, according to which we ex-
pected equivalence between conditions regarding the successful
completion of the retention (HP2a) and transfer tasks (HP2b).

Table 11 shows the completion percentages of the retention and
transfer tasks, per condition.
Controlled variables. A binomial logistic regression revealed a sig-

nificant effect of the time spent familiarizing with the application on the
results obtained in the retention task. A significant intercept was found
(β = 2.99, SE= 0.83, Z = 3.58, p < .001), and familiarization time had a
negative effect (β = − 0.00, SE = 0.00, Z = − 2.33, p = .020, R2 = 0.10),
indicating that an increase in time decreases the likelihood of success.
No significant effects were found for the transfer task.

3.3.1. HP2a test of differences in success rate – retention
A logistic Chi square test was conducted to compare the success in

the retention task across the three conditions (χ2(2) = 11, p = .004).
Post-hoc comparisons, corrected using the Bonferroni adjustment,
revealed a significant difference between HMD-AR and video, favoring
the video condition (χ2(1) = 10.4, p = .003, OR = 10.5). The results of
Bayesian analyses confirmed those of inferential analyses, providing
strong support for the alternative hypothesis when comparing HMD-AR
and video (BF10 = 25.09). A logistic regression accounting for famil-
iarization times did not reveal significant differences between condi-
tions, although this result may have been influenced by an insufficient
sample size to adequately incorporate this variable. Indeed, the HMD-
AR condition still appeared to negatively affect student performance,
even though this result was only marginally significant (p = .075). Re-
sults were also confirmed by the Bayesian analysis (BF10 = 1.33).

3.3.2. HP2b test of differences in success rate – transfer
The superior effectiveness of the video compared to HMD-ARwas not

confirmed in the transfer task. Although the video demonstrated a
higher likelihood of success (63.3 %) compared to HMD-AR (46.4 %),
the comparison between conditions did not show any significant dif-
ferences (χ2(2) = 2.79, p = .247). Bayesian analyses also confirmed that

Fig. 4. Intrisic load across time and conditions.
Note. T1 = Familiarization, T2 = Learning Task, T3 = Transfer Task. Scale range: from 0 to 9. HMD-AR = Head-Mounted-Display Augmented Reality, HH-AR =

Hand-Held Augmented Reality, V = Video.

Table 8
Extraneous load values (Means and Standard Deviations) per condition and
measurement points.

Extraneous load Condition Mean SD

T1 HH-AR 1.83 1.64
HMD-AR 1.82 1.85
V 1.12 1.23

T2 HH-AR 3.47 2.02
HMD-AR 2.88 2.15
V 3.00 2.15

T3 HH-AR 2.73 2.24
HMD-AR 2.70 2.03
V 2.22 1.78

Note. T1 = Familiarization, T2 = Learning Task, T3 = Transfer Task. Scale
range: from 0 to 9. HMD-AR = Head-Mounted-Display Augmented Reality, HH-
AR = Hand-Held Augmented Reality, V = Video.
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there was no evidence supporting either the null or the alternative hy-
pothesis (BF10 = 1.08).

4. Discussion

This study investigated the impact of HH-AR and HMD-AR on CL
levels and learning outcomes in retention and transfer tasks. Educational
materials and application designs were developed following CTML
principles and to minimize differences between applications. This aimed
to determine if using identical instructions and applying the same
principles could support the null hypothesis referred to both CL levels
and performance. Given its poor reliability, GL has not been considered.
The next sections discuss our hypotheses considering the reported
results.

4.1. HP1a: the tangram task can elicit good levels of IL

Hypothesis 1 was supported. The results confirmed that the tangram
game was capable of increasing IL. The introduction of the tangram task
led to a significant increase in IL, with widely significant differences
between T1 and T2. As expected, engaging in a similar task for the
second time already knowing a strategy for dealing with it, as occurred
in the transfer task (T3), produced significantly lower IL levels compared
to the first attempt (T2), but still considerably higher compared to the
familiarization task (T1).

These findings are entirely consistent with the literature (Vanneste
et al., 2021; Morton et al., 2022). The significant increase in IL levels was
plausible during the learning phase. Indeed, in the study conducted by
Nakano (2017), students had to complete four sessions of 5 min each to
successfully accomplish the same task employed in our transfer task.
Additionally, only 60 % of the participants in that study achieved suc-
cess. In other words, it is plausible that performing this task with less
time and without prior knowledge of an effective strategy for solving it

Table 9
Possible intervening variables controlled for Extraneous Load and learning
outcomes (retention and transfer).

Possible
intervening
variables

Test
Performed

Assumption Checks Main Test Result

Familiarization
time and
retention
outcomes

Logistic
Regression

Always met Familiarization time
significantly
negatively predicts
retention outcomes (β
= − 0.05, SE = 0.02, t
= − 2.41, p = .019, R2

of 0.08)
Familiarization
time and
transfer
outcomes

Logistic
Regression

Always met Familiarization time
do not predicts
transfer outcomes
significant (p = .268)

Familiarization
time and EL

Linear
Regression

T1: Shapiro-Wilk: p
= .063,
T2: Shapiro-Wilk: p
= .211,
T3: Shapiro-Wilk: p
= .073

No significant effect of
familiarization time at
Time 1 (p = .142),
Time 2 (p = .918),
Time 3 (p = .487)

Age on retention
and transfer

Binomial
Logistic
Regression

Always met No significant of age
on retention (p =
.221) and transfer (p
= .084)

Age and
Conditions

Kruskal-
Wallis

Non-significant
violations of
homogeneity of
variances (Levene’s
F = 1.05, p = .354)

Significant difference
in age groups (χ2(2) =
6.08, p = .048, ε2 =
0.07)

Age and EL Linear
Regression

T1: Shapiro-Wilk: p
= .064,
T2: Shapiro-Wilk: p
= .083,
T3: Shapiro-Wilk: p
= .055

No significant effect of
age on EL at Time 1 (p
= .280), Time 2 (p =
.887), Time 3 (p =
.925)

Ease of use and
Performance

Binomial
Logistic
Regression

Always met No significant effect of
ease of use on
retention (p = .125)
and transfer (p =
.651)

Ease of use and
Conditions

Kruskal-
Wallis

Violations of
normality (Shapiro-
Wilk, p < .001)

No significant
differences in ease of
use between
conditions (χ2 = 1.24,
p = .539)

Ease of use and EL
(T1)

Linear
Regression

Shapiro-Wilk: p =
.645

Significant effect of
ease of use on EL (β =

− 0.00, SE = 0.00, Z =
− 2.33, p = .020, OR
= 1.00)

Note. T1 = Familiarization, T2 = Learning Task, T3 = Transfer Task, EL =

Extraneous Load; all the significant regressions reported have also a significant
intercept.

Fig. 5. Representation of the interaction effect between perceived ease of use
and EL, per condition.
Note. The graph shows how EL levels vary with increasing perceived ease of use
of the application. With high levels of ease of use, the null hypothesis is
strongly supported.

Table 10
Bayesian post hoc comparison of EL Levels across the three time intervals.

Pair comparison BF01 Error %

T1 - ANCOVA
HMD-AR vs V 3.69 0.002
HMD-AR vs HH-AR 3.47 0.003
HH-AR vs V 3.25 0.003
T2 - ANOVA
HMD-AR vs V 3.75 0.009
HMD-AR vs HH-AR 2.44 0.009
HH-AR vs V 2.36 0.009
T3 - ANOVA
HMD-AR vs V 2.94 0.009
HMD-AR vs HH-AR 3.75 0.009
HH-AR vs V 3.16 0.009

Note. T1 = Familiarization, T2 = Learning Task, T3 = Transfer Task. Scale
range: from 0 to 9. HMD-AR = Head-Mounted-Display Augmented Reality, HH-
AR = Hand-Held Augmented Reality, V = Video.

Table 11
Tangram completion rate for retention and transfer tasks divided per conditions.

Task % V % HH-AR % HMD-AR

Retention 93.33 % 77.42 % 57.14 %
Transfer 63.33 % 67.74 % 46.43 %

Note. V = Video, HH-AR = Hand Held Augmented Reality, HMD-AR = Head
Mounted Display Augmented Reality.
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can be very demanding in terms of IL. Conversely, an increased under-
standing of the game’s solution method, combined with greater expe-
rience, can explain the significant reduction in IL levels between the
learning phase and the retention and transfer tasks (Kalyuga, 2005). In
other words, although the task was the same, students found it easier to
perform because they had better understood its underlying mechanism.

The identification of EL elements in the design of a problem-solving
task is more evident in contexts where the task presents a real cognitive
challenge (Paas et al., 2003; Sweller, 1994), In particular, if the
participant is not familiar with the CLT. (Klepsch et al., 2017). This
aspect has direct relevance to performance: the absence of adequate
difficulty indeed makes it impossible to observe significant variations in
performance. Consequently, even in presence of inadequate in-
structions, an overly simple task most likely leads to a positive perfor-
mance outcome. Fulfilling this requirement was thus very relevant for
verifying the second hypothesis.

4.2. HP1b: EL levels between conditions do not differ

Hypothesis 1b was supported. The inferential analysis of EL levels
revealed no significant differences between conditions. Further Bayesian
analyses indicated moderate to strong evidence in favor for the null
hypothesis concerning EL levels between the three conditions in all the
measurement times. Furthermore, a linear relationship between
perceived ease of use and EL levels was identified, suggesting that an
increase in the perceived ease of use of the application corresponds to a
decrease in perceived EL levels. During the familiarization phase, the
ANCOVA demonstrated that EL levels moderately to strongly supported
the null hypothesis, accounting for differences in perceived ease of use
among the three applications. This suggests that if students had the same
level of familiarity with all three technologies, no significant differences
in EL levels would have been observed. During the other two measure-
ment points the ANOVA supported the null hypothesis regardless of the
perceived ease of use. These results are consistent with the review
conducted by Akçayir and Akçayir (2017), who suggested that the
design of an application has a greater impact on CL than the tool itself.
Although differences may exist due to the type of technical solution
employed (Buchner et al., 2021), when AR is used in contexts where it
provides no added value, it generates the same levels of EL, provided
that users have equivalent levels of ease of use with the technology
employed. The interaction effect with ease of use is consistent with a
recent study conducted by Delgado and Mayer (2024), in which they
demonstrated that explaining in advance how to use the main tools
presented in the VR environment significantly reduced EL levels (d =

0.42) when compared to the control group that used the application
directly.

Although especially HMD-AR can technically improve the applica-
tion of CTML’s signaling and spatial-temporal contiguity principles
when compared to video, the combined effect of these principles on EL
levels differs from their individual application. For example, the
coherence principle can make signaling unnecessary (Mayer, 2020, p.
167): highlighting becomes irrelevant when only essential information
is presented. Similarly, spatial-temporal contiguity becomes less
important with well-segmented materials (Mayer, 2020, p. 236): the
impact is minimal when small amounts of information need to be
remembered. While not denying the technical differences between
technologies, it is argued that, when CTML principles are applied, the
choice of technology becomes secondary for EL levels. Our results sug-
gest that AR does not significantly impact CL levels if CTML principles
are applied, although this can be different in specific cases such as when
AR is used as a support for transposing from 2D to 3D (Roca-González
et al., 2017). AR might reduce IL levels for specific tasks, but not EL
levels, despite improving the implementation of signaling and
spatio-temporal contiguity. Different scenarios emerge in school
learning contexts where segmenting is not applied (Thees et al., 2020) or
in real-time assistance tasks with instructional material that cannot be

adequately structured (Marques et al., 2023); in these cases, the ad-
vantages of AR can be exploited. The equivalent EL levels across con-
ditions can be explained by the application of CTML principles, which
optimized the learning materials and made the choice of media less
relevant. This result can also be understood in light of the selected task:
in the tangram solution task, the potential advantages of AR’s enhanced
signaling and spatial-temporal contiguity were less critical for learning
the problem-solving strategy.

4.3. Hypothesis 2a and 2b: learning outcomes do not differ in retention
and transfer task

Contrary to our expectations, Hypothesis 2 was not fully supported.
The significant difference identified among conditions in the retention
task was then reduced to non-significance when including the time spent
familiarizing with the application as a covariate. However, this result
may be due to the sample size. We can only state that the less time
participants spent familiarizing themselves with the application, the
greater their chances of success in the retention task. However, we
cannot claim that the difference between conditions would have dis-
appeared. In fact, even the Bayesian logistic regression supports, albeit
only anecdotally, the alternative hypothesis rather than the null hy-
pothesis. The comparison between groups revealed significant differ-
ences in familiarization times across conditions, thus explaining that the
difference in performance could have been determined by the greater
fatigue of the students in the HMD-AR condition, who took significantly
more time than the other conditions for the participants to familiarize
themselves with the technology.

The performances observed in the transfer task also did not confirm
our hypothesis: in this case, a linear relationship between performances
and the time taken to complete the familiarization task was not identi-
fied. Nevertheless, the non-significant differences did not reach the
anticipated significant equality. It is possible that other uncontrolled
variables, such as the visuospatial abilities of the individual subjects,
may have influenced the differences (however not significant) and
prevented the identification of the significant equality hypothesized.

Studies conducted to date have employed AR in contexts where its
affordances could represent an added value, particularly due to the
possibility of more effectively applying the principles of spatial and
temporal contiguity. In the study by Thees and colleagues (2020), AR
was employed in a context where it could have provided a significant
advantage compared to the control group; indeed, receiving contextu-
alized information could have facilitated the learning task. However,
even though the experimental AR condition reported significantly lower
levels of EL compared to the control group, no significant differences
emerged in students’ learning outcomes. In contrast, in the study by
Altmeyer and colleagues (2020), no significant difference was observed
in EL levels, yet a small but significant difference in learning outcomes
emerged in favor of the AR group (ηp2 = 0.07).

In the study by Thees and colleagues (2020), the HoloLens 2 device
was used in the AR condition, whereas in the study by Altmeyer and
colleagues (2020), a tablet was employed—a device with which most
individuals are familiar. The difference in devices may have influenced
both the lack of significant differences with the control group when the
HoloLens was used and the differences observed in the tablet condition,
even though both studies utilized AR to improve the application of the
same principles.

Having chosen a learning context in which AR did not represent a
clear added value, no advantages emerged from AR use in either EL or
learning outcomes. Conversely, the video condition yielded significantly
better learning outcomes compared to the HMD-AR condition in the
retention task. The reduced effectiveness of HMD-AR could be explained
by its limited usability and familiarity for novices. It is well known that
becoming proficient in the use of augmented reality (AR)—particularly
HMD-AR, as observed in our study—can also affect the outcomes of
usability tests. It is therefore plausible that similar issues have been
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encountered when employing HMD-AR for learning support (Goad et al.,
2023).

5. Limitations

Our study is not without limitations. Due to the time constraints
imposed by the protocol, it was not possible to measure CL levels also in
the retention task, thus leaving the levels of EL generated by the appli-
cations in this context undetermined. Faced with the need to choose
between the retention and transfer tasks, preference was given to the
latter (Mayer, 2020). Moreover, the duration of the protocol prevented a
comprehensive examination of all possible intervening variables,
including the visuospatial ability of participants, which should be taken
into consideration in further studies. The reliability of the administered
scales was not always optimal, which led us to exclude the GL subscale.
The low reliability of GL can be explained by the fact that in self-report
measurements, it is very complex to distinguish GL from IL (Kalyuga,
2011). Also, the tangram task may have influenced the poor reliability of
the scale, being unrelated to the students’ study program. Another
limitation is related to gender balance: in our sample, female partici-
pants were entirely absent, thus placing a clear limit on the possibility of
generalizing these results, particularly when dealing with visuospatial
tasks where the difference between men and women is known
(Castro-Alonso & Jansen, 2019). Moreover the absence of females in the
sample might have influenced the reported levels of IL. Indeed, although
participants in our study found the task complex, it is possible that
women could have perceived it as evenmore complex. Nevertheless, this
does not invalidate the obtained results, as the task was capable of
causing a significant increase in IL levels. Similarly, the performance
observed in retention and transfer tasks cannot be generalized to a fe-
male population, which might have achieved substantially lower per-
formance on the same task. There is no evidence suggesting that
perceived levels of EL differ between men and women; however, given
the established relationship between IL and EL (Sweller, 1994), it is
plausible that women might have perceived higher levels of EL. Result
generalization is furthermore limited to our sample age. The pedagog-
ical approach was effective for our sample age but could be counter-
productive for other target groups like children (Ashman, 2020; Sinha&
Kapur, 2021). Additionally, our sample came from a single school. This
certainly allows us to control fewer variables but limits the generaliz-
ability of the data.

Further research including children and other target groups is
therefore needed. As a study comparing different technologies, unex-
amined differences may exist between conditions, which could expose
us to a media-comparison critique (Clark, 1994). However, we
compared AR to video, the medium most closely aligned with CTML, to
demonstrate that with adequate learning materials, technology becomes
secondary, not to conduct a "technology race". This is also the reason
why the application of the CTML principles was adapted to the single
technology with the aim to optimize them with respect to their
distinctive affordances. This has been demonstrated by achieving
equivalent EL levels regardless of the technology used. The effect of
HMD-AR on GL levels remains unexplored, and the role of pedagogical
choices when using AR was not considered in this study. Future studies
could address current limitations in the literature by applying CTML
principles to minimize EL levels, comparing AR with various experi-
mental conditions, and employing CL measures capable of distinguish-
ing the three components. Research could also explore tasks where AR
affordances can be leveraged, such as those involving mental rotation.
Future studies could examine principles that might be more effectively
applied in AR, such as signaling overcoming sample limitation of the
present study. For instance, researchers could design learning tasks
where the ability to see signaling directly applied in the real world could
provide added value for learning. In such cases, significant differences
between AR and other technologies might emerge.

6. Conclusion

Although its results should be read in light of the limitations just
mentioned, this study has shown that applying the principles of CTML to
multimedia learning materials can substantially eliminate differences in
EL levels, regardless of the technologies used, provided that an adequate
familiarization procedure is conducted. This finding contrasts with ob-
servations made for virtual reality (e.g., Skulmowski & Xu, 2022),
demonstrating that AR itself does not increase EL levels when multi-
media design principles are optimally applied. This aligns with Wu et al.
(2013), who argue that, within the educational context, the design and
use of AR have an impact on learning outcomes greater than that of the
technology itself. To achieve these results, we applied several CTML
principles, which have been scarcely explored in the use of AR, espe-
cially in its HMD form. We also employed Bayesian analyses to support
the null hypothesis when necessary.

We believe that this study can contribute to CTML both theoretically,
by demonstrating the effectiveness of applying different principles with
HMD-AR and HH-AR, and methodologically, by providing an approach
for contexts where the principles are likely effective, reducing the need
for separate studies in AR. Moreover, studies that examine combinations
of principles—more common in real learning scenarios—could further
consolidate the effectiveness of this theory.

In real learning scenarios, the aim is to create the best possible
instructional materials rather than applying a single principle to observe
its effect. The interaction of principles significantly alters the final
impact on CL levels and learning outcomes. The goal is to ensure that the
medium used does not negatively influence students’ learning outcomes
by increasing EL. The application of CTML principles, so far under-
investigated in AR, could provide a solid foundation for studying the
unique affordances of AR, such as three-dimensional visualization in the
real world. This would help researchers determine whether the effects
are due to the design of educational materials or the affordances of the
technology, thus laying a solid groundwork for future research.

However, the analysis of learning outcomes did not fully support our
hypotheses, which warrants further research. In the meantime, these
findings can be useful from a general pedagogical perspective, high-
lighting that AR per se does not necessarily have negative effects on EL
levels, and from an instructional design perspective, providing evidence
that consistently applying specific CTML principles can support stu-
dents’ learning by minimizing their EL. Additionally, this study shows
new evidence on the existing differences between VR and AR. We know
that VR tends to generate high levels of CL, which can impair learning
outcomes, leading to the recommendation to include generative activ-
ities to facilitate learning when using VR (Makransky et al., 2019).
However, our findings suggest that this approach may not be necessary
for AR and highlight differences between these technologies, at least
with respect to EL.

This study represents only the starting point for examining the
effectiveness of CTML principles with AR in managing CL levels in
educational settings. Further studies are needed to clarify the effec-
tiveness of CTML in other learning scenarios and different target
populations.
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