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Introduction

Artificial Intelligence (AI) can be abstract and difficult to 
understand for learners. Modern AI generally involves 
deep neural networks and natural language that have dis-
tinct particular complexities, characteristics, limitations, 
and principles [1]. Consequently, users cannot easily see or 
comprehend the internal operations of the algorithms, caus-
ing a gap between the technology and its users [2], adding to 
the difficulty in facilitating teaching and learning processes 
of systemic and critical thinking toward AI concepts from 
a holistic perspective [3]. Due to the abstract nature of AI, 
students may not feel prepared to interact with it, leading to 
a lack of confidence [4, 5]. Considering all these educational 
challenges when teaching and learning AI, it is necessary to 
think of new innovative educational methods to facilitate 
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Abstract
This paper is an extended version of the best paper from the HUCAPP 2025 conference. The abstract nature of Artificial 
Intelligence (AI) concepts presents an educational challenge. This paper compares an immersive extended reality (XR) 
environment to a traditional desktop setup for teaching Neural Networks and Handwritten Digit Recognition. We analyzed 
differences in student engagement, user experience, and learning outcomes between the two modalities. In this compara-
tive study, 56 participants learned about AI concepts using either an XR headset (Meta Quest 3) or a desktop computer. 
We collected data on usability, satisfaction, immersion, and likelihood to recommend using the System Usability Scale 
(SUS), User Satisfaction Questionnaire (USQ), Immersion Presence Questionnaire (IPQ), and Net Promoter Score (NPS) 
questionnaires. Learning outcomes were assessed via multiple-choice questions administered during the lesson. The XR 
group reported significantly higher engagement, immersion, satisfaction, and likelihood to recommend the system. How-
ever, this increased engagement did not translate to superior learning outcomes; performance on in-lesson questions was 
comparable between the two groups. XR users also identified challenges, including physical discomfort and unfamiliar-
ity with the technology. The findings suggest that XR can increase student motivation in AI education, but this does not 
automatically lead to better learning performance. Usability challenges and the novelty of the technology may hinder 
knowledge absorption. Future work should focus on scaffolding strategies to mitigate these issues and better leverage 
XR’s educational potential by personalizing the learning experience.
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learners, demystifying the complexity of AI and helping 
them engage with its concepts in a learner-centered way.

Technology is a driving force for better education [6, 
7]. Emerging technologies such as extended reality (XR) 
have helped create learner-centered environments in educa-
tion [8, 9]. XR combines computer software with wearable 
devices to produce interactive settings that blend real and 
digital components [10, 11]. Interactions can occur through 
immersive headsets, augmented reality (AR) glasses, or 
mobile devices [12]. XR includes AR, virtual reality (VR), 
and mixed reality (MR) [13, 14]. AR integrates real and 
digital objects, VR offers simulated environments, and MR 
facilitates interaction between physical and digital elements 
[15]. The affordability and efficiency of XR make it a prac-
tical and versatile tool for education, further demonstrating 
its potential in education [11, 13]. XR applications span 
various fields in education, including STEM, architecture, 
management, medicine, and art [7, 11, 13, 16–18]. As a tool 
that promotes educational sustainability, XR has gained 
worldwide interest in research and practice [6].

Using XR in education is beneficial as it can foster soft 
skills such as teamwork, problem-solving, and technical 
skills [10, 19]. More benefits include enhanced content 
sharing and knowledge acquisition [20], personalized learn-
ing experiences [21], and better support for students with 
special needs [22]. However, its implementation has limita-
tions, including the lack of motivation or technical ability 
among instructors, cybersickness, and the high costs of pur-
chasing virtual learning platforms [11, 23].

As XR technology evolves, educators are encour-
aged to adopt it to create engaging and effective learning 
experiences [19]. Immersive technologies like VR are 
increasingly utilized in computer science education, which 
involves teaching the fundamentals of abstract concepts in 
STEM fields [11]. Nevertheless, the teaching process must 
be incremental, integrating new topics while reinforcing 
prior knowledge and involving new technologies as instruc-
tional resources.

Different questionnaires are related to the effectiveness 
and user experience of educational tools. System Usability 
Scale (SUS) [24] is often used to evaluate user experience 
and to identify the strengths and areas to improve [25]. Sim-
ilarly, the User Satisfaction Questionnaire (USQ) empha-
sizes how usable it is and what the user’s experience is [26]. 
The Immersion Presence Questionnaire (IPQ) [27] is used 
to determine the immersive quality of virtual environments, 
and the Net Promoter Score (NPS) [28] provides us with 
evidence of student advocacy and satisfaction. Overall, 
the results of these assessments help optimize immersive 
technologies to enhance engagement and improve learning 
experiences and outcomes in computer science education 
and related fields [29].

Immersive technologies and simulation-based experi-
ences can be incorporated to increase student engagement 
and the understanding of complex concepts. This stems 
further to interactive virtual experience encouraging active 
participation and practice, resulting in better learning out-
comes [11]. That is, evidence-based decision-making is 
important for improving design and addressing challenges 
[30], ensuring decisions are grounded in facts rather than 
assumptions [31]. Therefore, the following question arises: 
What is the effectiveness of XR environments in enhancing 
student engagement and user satisfaction compared to tra-
ditional desktop learning setups? This paper is an extended 
version of the best paper award from the HUCAPP 2025 
conference [32].

Background

Learning approaches in science, technology, engineer-
ing, and mathematics (STEM) can be complex due to the 
abstract nature of its concepts, such as those in AI education. 
Therefore, among different learning approaches, embodied 
learning suggests that people learn better and retain knowl-
edge when they use actions, gestures, or when they have 
the opportunity to interact with the learning materials or the 
environment to examine abstract concepts that are being 
studied [33, 34]. In fact, this approach helps students in 
STEM education by connecting their physical activity with 
cognitive skills, for instance, by using their hands to inter-
act with 3D objects or moving in space, which can make 
abstract relationships more straightforward to understand 
[35, 36]. Such forms of interaction with the environment are 
associated with theories of embodied cognition.

Theoretical Framework

This study is grounded in Embodied Cognition, a theory that 
explains learning in the form of learners using their bodies 
to act, move, or gesture, which promote their thinking and 
learning processes, based on the idea that physical actions 
help them connect abstract concepts to concrete experiences 
[35, 36]. Accordingly, the primary assumption of embodied 
cognition is that knowledge partially relies on neural mech-
anisms pertaining to perceptual, sensory, and motoric pro-
cesses [37]. This assumption has important implications for 
learning abstract concepts in STEM. Specifically, embodied 
cognition maintains that brain regions in the sensorimo-
tor and nearby association cortex play a prominent role in 
information processing and retrieval [38]. These same brain 
regions are also responsive to information within a specific 
sensory modality responsible for representing the proper-
ties of a given object [38]. Thus, concept representations 
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are considered multimodal and rely on networks distributed 
throughout the cortex. When such representations are recon-
structed, they use features (e.g., shape, texture, sound) and 
modalities (e.g., visual, tactile, phonological). Concepts are 
organized based on properties, and properties are dependent 
on specific sensory modalities [39]. That is, abstract con-
cepts are (a) comprehended based on embodied visuospatial 
representations [40] and (b) understood through analogical 
reasoning processes involving relational properties emerg-
ing from the interaction of two or more objects or agents in 
a given circumstance [41].

Due to the abstract nature of the concepts in STEM, 
embodied learning can support learning. For instance, in 
one study the students learned science topics better when 
they used gestures and movement in a mixed-reality envi-
ronment compared to traditional instruction, identifying the 
amount and type of body movement (i.e., motor activity), 
how well the gestures match the content (i.e., gestural con-
gruency), and how present and involved students feel in the 
environment (i.e., immersion) as the three main aspects of 
embodiment that improve learning, which provides a clear 
framework for designing and evaluating learning systems 
[42]. Although the literature like this suggests the benefits 
of XR for usability and assessment in educational set-
tings, there is a gap in research that examines how differ-
ent degrees of embodiment (e.g., XR versus desktop-based 
settings) influence student engagement and, consequently, 
learning outcomes in AI education [42].

Student engagement is critical, as a significant body 
of literature has established a robust link between student 
involvement in educationally purposive activities and posi-
tive student learning outcomes [43]. And of relevance for 
this study, engagement is closely tied to user experience 
in learning environments because the quality of the user 
experience helps set the conditions under which students 
feel motivated, supported, and able to participate deeply. 
A good learning experience means clear, accessible inter-
faces, intuitive navigation, timely feedback, interactivity, 
relevance of content, and scaffolding; all these contribute 
to learners’ perceptions of usefulness, ease, and pleasure. 
When user experience is positive, students perceive the 
environment as supportive and meaningful, which boosts 
their self-efficacy, interest, and attention, and in turn leads 
to higher engagement. Conversely, poor user experience 
perceived as difficult navigation, confusing layout, lack of 
feedback, or relevance, can increase cognitive load, frus-
tration, and disengagement [44]. For example, a study in 
the context of heritage education in Macau, identified that 
embodied cognition and immersive experience significantly 
positively influence learning satisfaction, a user experience 
metric, and learning effectiveness, confirming that sen-
sory and bodily involvement are part of what makes for a 

good user/learner experience [45]. Consequently, we argue 
that positive user experience is a precursor for productive 
engagement that can foster deeper learning.

Extended Reality for Learning in STEM

Extended reality (XR), which includes other immersive 
technologies such as virtual reality (VR), augmented reality 
(AR), and mixed reality (MR), provides to the learners with 
the exploration and manipulation of objects in a virtual envi-
ronment, while maintaining the awareness of the real world 
[22, 36]. In fact, different studies have suggested that XR 
can increase student motivation, engagement, and presence 
when learning content in the STEM context, which due to 
its abstract nature makes it difficult to visualize in traditional 
classrooms [11, 16]. Hence, this immersive experience sup-
ports embodied learning because it allows students to con-
nect their physical actions with the abstract concepts being 
examined. However, traditional learning approaches, such 
as those involving desktop-based environments, continue to 
be widely used in higher education because of their overall 
accessibility, learners’ familiarity, and affordability. The lit-
erature suggests that while desktop-based learning provides 
clear and stable visualizations, it does not offer the same 
level of immersion and embodied interaction as immersive 
technologies, such as XR, enable [6, 23].

 To understand the differences between environments, it 
is important to consider how embodied learning connects 
with the ways students experience them. To address this, the 
literature has reported different metrics that support assess-
ing user experience from different perspectives. In fact, 
system usability measures whether the students can focus 
on the content without being distracted by possible techni-
cal issues or by the novelty of the technology, while user 
satisfaction measures the quality of the learning experience 
and how it can influence overall motivation and the will-
ingness to continue learning using the particular learning 
approach or environment [24, 26]. In addition, immersion 
refers to how much students feel present and can connect 
sensory and motor activity with the abstract concepts being 
studied, while the likelihood of recommendation measures 
whether students accept the system overall and find it valu-
able for their learning [27, 28, 46]. Together, these metrics 
support the analysis of user experience by focusing on how 
focused, motivated, and immersed students feel in the learn-
ing environment.

 Thus, it is important to examine the comparison between 
different modalities, from traditional to immersive learning, 
to better understand the support or limitations that student 
learning may have on either of them. There is a gap in the 
literature regarding the relationship between the principles 
of embodied learning and the metrics for assessing user 
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extended to the Meta Quest 3, which offers full-color video 
passthrough and a more affordable price [47]. The software 
for the XR environment was built using Unity 3D (version 
2022.3.5f1), combined with Meta’s XR All-in-one SDK, 
and integrated the Barracuda framework [48], which allows 
the headset to load and run pre-trained neural networks, such 
as the MNIST digit classifier [49], directly on the device.

 The user-defined scenes include several carefully cali-
brated scenarios showing Neural Networks (NN) and their 
function in 3D. Particularly, the input, hidden, and output 
layers appear as interactive panels arranged in a circle on 
the participant’s real desk. With video passthrough, these 
virtual panels blend with the real world. Participants interact 
with the system using handheld controllers that work like 
laser pointers. With them, they can select parts of the NN 
to view more information (e.g., neuron activation values) 
and also draw new handwritten digits, seeing how the NN 
processes the input in real-time. This allows them to observe 
how the inputs activate the network and how the final clas-
sification is made (see Fig. 1).

 The system uses Open Neural Network Exchange 
(ONNX) files to load the structure and weights of the NN, 
which is compatible with many AI development tools [50].

  
Since the headset has limited processing power, the sys-

tem can send the heavy processing to a nearby computer, 
such as a laptop, using a wireless connection. Training the 
NN requires a significant amount of computing resources, 
so it is done separately and offline before using the system. 
Moreover, different versions of trained models are saved 
ahead of time, and users can load these versions to explore 
important AI concepts like untrained networks, underfitting, 
overfitting, and others.

 The 3D visualization provided by the system offers 
parameterization for customization, allowing users to 
change the height of the panels, the size of the circle around 
them, and the angle of the layers, either facing the user or 
turning sideways. This allows a better view of either the lay-
ers or the connections for each learner. Although the interac-
tion is mainly done using a virtual laser pointer, the system 
also leverages the active haptic feedback from the handheld 
controllers to guide user interaction or stabilize the selec-
tions made by the users. Additionally, since this XR system 
allows users to see the real world alongside virtual content, 
they can use a physical keyboard on their desk to input text 
into the system.

 The choice to use XR instead of a fully immersive vir-
tual reality (VR) environment for ACHIEVE was made after 
considering some pedagogical and practical benefits [51]. 
For example, XR provides natural view control and depth 
perception, which help users understand the 3D structure 
of a NN. In addition, XR encourages embodied learning by 

experience, including usability, satisfaction, immersion, 
and likelihood of recommendation, as well as how these 
factors together influence overall engagement and learning 
in STEM contexts. Hence, this manuscript contributes to 
the literature by comparing XR (i.e., immersive learning) 
and desktop environments (i.e., desktop-based learning) in 
the context of learning about neural networks in AI, thereby 
extending the discussion of how XR technologies can sup-
port embodied cognition and how they compare with tra-
ditional approaches, such as using desktop-based learning, 
considering different metrics to evaluate overall user satis-
faction and overall short-term learning outcomes.

Implications of Embodied Learning for the Study

Building on our theoretical lens of embodied cognition, this 
study describes the two learning settings (i.e., XR and desk-
top) as different levels of embodiment, thereby extending 
embodied cognition theory to AI education. Particularly, 
the XR environment provides high embodiment because it 
allows students to interact with 3D neural network layers 
using controllers (i.e., hand-held) and panels that combine 
real and virtual elements, which was chosen to connect the 
motor actions directly to abstract AI concepts such as Neural 
Networks. In contrast, the desktop environment offers the 
same content as the XR environment but with low embodi-
ment, as the students use only a mouse and keyboard and 
view content on a flat screen. Hence, by framing these two 
modalities in this way, we are not only testing two tools but 
also comparing two levels of embodiment. That is, it enables 
us to assess whether higher embodi- ment leads to greater 
or lower engagement, stronger presence, higher satisfaction, 
and improved short-term learning outcomes. Moreover, it 
also explains why we measure user experience through met-
rics such as usability, satisfaction, immersion, and recom- 
mendation alongside learning outcomes, by considering 
that each metric corresponds to an element of embodiment. 
In fact, usability shows how easy it is to carry out motor 
actions, user satisfaction shows the learner’s feelings about 
the embodied interaction, immersion shows how deeply the 
learner is involved, and the likelihood of recommendation 
shows whether the willingness of the learners to repeat or 
share the embodied experience for learning purposes.

Methods

The ACHIEVE System

The ACHIEVE system is an eXtended Reality (XR) educa-
tional tool for Artificial Intelligence (AI) concepts. It was 
first developed for the Meta Quest Pro headset but later 
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lenses ensure that the overall analysis captures comprehen-
sive user insights.

 The age of the participants ranged from 18 to 32 years 
(M = 22.2, SD = 3.9) and were 67.9% male and 32.1% 
female. Many reported limited VR headset usage, with 14 
(25.0%) having never used one and 17 (30.4%) using it only 
once. Similarly, 32 participants (57.1%) had never used XR, 
and 13 (23.2%) had used it once. Most of the participants 
were Computer Science majors (41, 73.2%), with the major-
ity being undergraduate students (30, 53.6%).

 In the XR group (29, 51.8%), most were male (18, 
62.1%), undergraduate students (20, 68.9%), and in Com-
puter Science (18, 62.1%). Many had used VR headsets 
only once (11, 37.9%), and many had never used XR (15, 
51.7%). While 17 participants (58.6%) were familiar with 
Neural Networks (NN), 18 (62.1%) were unfamiliar with 
Handwritten Digit Recognition. In the Desktop group (27, 
48.2%), on the other hand, there was also a male majority 
(20, 74.1%), with some being undergraduate students (10, 
37.1%) and many studying Computer Science (23, 85.2%). 
Like the XR group, many had limited VR headset experi-
ence, with 8 participants (29.6%) using them fewer than five 
times and another 8 (29.6%) never using them. Familiarity 
with NN and Handwritten Digit Recognition was relatively 
balanced, with 13 participants (48.1%) familiar with Hand-
written Digit Recognition and 14 (51.9%) with NN (refer to 
Table 1 reprinted from our previous conference paper [32]).

 We conducted an a priori power analysis (two-tailed 
independent samples t-test, α = 0.05), and the required 

engaging the users’ motor skills as the users interact with 
the NN. Contrary to fully immersive VR, XR allows users 
to remain aware of their physical surroundings and interact 
with instructors or peers, which is important in educational 
settings. It is important to note that fully immersive VR 
also provides depth perception and can support seated use. 
However, XR was chosen in this study because it combines 
immersion with awareness of the real surroundings, which 
increases safety and comfort in classroom contexts. In addi-
tion, XR reduces the likelihood of cybersickness, which has 
been reported to be a common limitation of VR in educa-
tional settings [11, 23].

Context and Participants

This study is based on the survey responses collected from 
N = 56 participants on how they experienced an educational 
approach that involved an XR environment or a traditional 
desktop setup to introduce Neural Networks (NN) and 
Handwritten Digit Recognition. The study was carried out 
between the spring and summer of 2024, using a question-
naire to collect demographic information and assess user 
experiences in VR and XR, including measuring familiarity 
with technologies such as NN and Handwritten Digit Rec-
ognition. In addition, another questionnaire was provided 
to participants that included different scales to assess their 
experiences in the XR and desktop environments, which 
were chosen because of their effectiveness in measuring 
user experience from different perspectives. These diverse 

Fig. 1  Features of the ACHIEVE 
XR System
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	●    System Usability Scale (SUS): Evaluates user satis-
faction with the XR experience, covering usage frequen-
cy, perceived complexity, ease of use, need for techni-
cal support, function integration, consistency, learning 
curve, and user confidence and comfort. The question-
naire comprises ten elements, rated on a scale [1, 5]. In 
this range, 1 means strong disagreement and 5 means 
strong agreement. The items are combined and changed 
into a total score from 0 to 100, where higher values 
show better usability. A score above 68 is usually seen 
as above average usability.

	●     Immersion Presence Questionnaire (IPQ): Assesses 
participants’ immersion and satisfaction in the XR envi-
ronment, focusing on visual quality, interaction, realism, 
disconnection from surroundings, presence, and overall 
engagement. It includes fourteen elements, rated on a 
scale [− 3, 3]. In this range, − 3 means strong disagree-
ment, 0 is neutral, and 3 means strong agreement. Thus, 
higher values show a stronger sense of immersion, pres-
ence, and engagement.

sample size to achieve 80% power, which is the conven-
tional standard in educational and HCI research [52, 53], 
was estimated assuming a medium effect size (Cohen’s d 
= 0.50). This test was performed using the TTestIndPower 
function (from the statsmodels library) in Python [54], which 
calculates the necessary sample size for a two-sample t-test. 
The analysis suggests that approximately 32 participants 
per group (Nrequired ≈ 64 in total) would be needed to reach 
adequate power [55]. For this study, the sample size of 56 
participants (XR group n = 29; Desktop group n = 27), even 
if slightly lower than the suggested number of participants, 
is closely comparable to this conventional requirement and 
therefore adequate for identifying broader differences (i.e., 
medium effects) between groups [56, 57].

  

Data Collection Methods

The data collection methods for this study were as follows: 

Table 1  Participant demographics and characteristics - reprinted from our previous conference paper [32]
Variable XR (n = 29) Desktop (n = 27) Total (N = 56)
Gender
 Male 18 (62.1%) 20 (74.1%) 38 (67.9%)
 Female 11 (37.9%) 7 (25.9%) 18 (32.1%)
 Other 0 (0%) 0 (0%) 0 (0%)
VR Headset Usage 
 Frequently 2 (6.9%) 2 (7.4%) 4 (7.1%)
 < 5 times 7 (24.1%) 8 (29.6%) 15 (26.8%)
 >5 times 3 (10.3%) 3 (11.1%) 6 (10.7%)
 Never 6 (20.7%) 8 (29.6%) 14 (25%)
 Once 11 (37.9%) 6 (22.2%) 17 (30.4%)
XR Usage 
Frequently 1 (3.5%) 2 (7.4%) 3 (5.4%)
 < 5 times 4 (13.8%) 1 (3.7%) 5 (8.9%)
 >5 times 1 (3.5%) 2 (7.4%) 3 (5.4%)
 Never 15 (51.7%) 17 (62.9%) 32 (57.1%)
 Once 8 (27.6%) 5 (18.5%) 13 (23.2%)
Major 
 Computer Science 18 (62.1%) 23 (85.2%) 41 (73.2%)
 Data Science 3 (10.3%) 1 (3.7%) 4 (7.1%)
 Computer Technology 0 (0%) 1 (3.7%) 1 (1.8%)
 Other 8 (27.6%) 2 (7.4%) 10 (17.9%)
Role 
 Undergraduate 20 (68.9%) 10 (37.1%) 30 (53.6%)
 Graduate 9 (31.1%) 17 (62.9%) 26 (46.4%)
Familiarity with neural networks 
 No 12 (41.4%) 13 (48.1%) 25 (44.6%)
 Yes 17 (58.6%) 14 (51.9%) 31 (55.4%)
Familiarity with hand-written digit recognition 
 No 18 (62.1%) 14 (51.9%) 32 (57.1%)
 Yes 11 (37.9%) 13 (48.1%) 24 (42.9%)
Any discrepancies in percentages are due to rounding. Values represent frequencies with percentages in parentheses
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	●     User Satisfaction Questionnaire (USQ): Measures 
user satisfaction in the XR environment, emphasizing 
usability, functionality, and overall experience through 
three elements, rated on a scale [1, 5]. In this range, 
1 means very dissatisfied and 5 means very satisfied. 
Thus, higher values show greater satisfaction with the 
XR system.

	●     Net Promoter Score (NPS): Assesses participants’ 
likelihood or willingness to recommend the experience 
to others, reflecting the users’ overall satisfaction and 
user advocacy regarding their experience with the sys-
tem posed. This score is rated on a scale from [0, 10]. 
In this range, 0 means “not at all likely ” and 10 means 
“extremely likely.” Scores are grouped as: 0–6 = detrac-
tors, 7–8 = passives, and 9–10 = promoters. This met-
ric is calculated as the percentage of promoters minus 
the percentage of detractors. Thus, higher values show 
stronger positive advocacy for the system.

	●     Engagement: Measures the time participants spent 
in the activity in both the Desktop and XR conditions. It 
was measured through the total session duration in sec-
onds. Higher values indicate longer participation, which 
reflects greater engagement with the learning activity.

	●     Learning: Learning outcomes were measured in both 
the Desktop and XR conditions, with five pre-lesson 
multiple-choice questions to assess prior knowledge and 
six in-lesson multiple-choice questions completed by all 
participants to evaluate overall understanding during the 
task. Scores were calculated as the number of correct 
answers.  

 
It is important to note that all standard instruments (i.e., 

SUS, IPQ, USQ, and NPS) come from previously validated 
work, and their original scales were kept to maintain scien-
tific validity and ensure comparability with other studies. 
Keeping these original scales also supports internal consis-
tency and helps to capture user experience from multiple 
perspectives. Table 2 presents a summary of the instruments 
used in this study to assess user experience.

Data Collection Procedures

Data collection sessions lasted up to one hour and involved 
no more than two participants at a time. Upon arrival, 
participants completed a consent form. Depending on the 
experimental condition, they were provided with either VR 
headsets (i.e., Meta Quest 3) or a laptop (see Fig. 2 reprinted 
from our previous conference paper [32]). All participants 
used tablets to respond to demographic, pre-questionnaire, 
and post-questionnaire, with confidentiality ensured through 
unique numeric identifiers assigned to each participant.
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of the four metrics, excluding the IPQ. Figure 3, reprinted 
from our previous conference paper [32], depicts the outline 
of the lesson design for this comparative study.

Data Analysis Methods

The data collected from the questionnaires (i.e., SUS, USQ, 
IPQ, and NPS) and the multiple-choice tests were ana-
lyzed using descriptive statistics. After scoring the students’ 
responses from all metrics as shown in Table  2, we pro-
ceeded to apply statistical analyses, descriptive and inferen-
tial, to describe our findings in terms of central tendency and 
spread, as well as for comparing metrics between groups, 
correspondingly. For each measure, we calculated the mean, 
standard deviation, skewness, and kurtosis. These values 
described the general performance of the participants, the 
variation in their responses, and the distribution of scores. 
Moreover, the metrics for engagement and learning were 
also considered. While the participants’ engagement was 
analyzed with the session time, which showed how long 
participants interacted with the system and how consis-
tent their participation was, learning was analyzed with the 
pre-lesson knowledge questions and the in-lesson multiple-
choice questions, providing insights about the participants’ 
understanding before and during the lesson.

Furthermore, to compare the XR and Desktop groups, 
inferential statistical tests were applied. For this, independent 

 The steps in this study are as follows (refer to Fig. 3, 
reprinted from our previous conference paper [32]): (1) Par-
ticipants take time to review and sign the consent form [S1]; 
(2) Participants use the tablets to answer the demographic 
questionnaire [S2]; (3) Participants use the provided tablets 
to answer the pre-questionnaire [S3]; (4) Six educational 
slides were provided to teach participants how to use the 
headset to complete the study [VR headset users only] [S4]; 
Participants wear the headset to learn the topic. [VR head-
set users only]; (5) Participants use the designated laptop to 
learn the topic [Desktop users only]; Participants respond 
during the intervention to 6 multiple choice questions [VR 
headset and Desktop users] [S5]; (6) Participants use tablets 
to answer the post-questionnaire [S6].

 
The research team guided the participants through each 

procedure, with the preparation phase lasting 15 min, the 
learning phase lasting roughly 15 min, and the final step 
lasting 5 to 10 min. The team was available to attend and 
answer all inquiries throughout the experimental session. 
The start times for the learning phase were staggered by 10 
min for the two participants using VR headsets in the same 
session to minimize distractions during verbal response 
questions. The participants then completed a post-question-
naire with 26 items from the four metrics mentioned—the 
XR group responded to all the items of the four metrics. 
The desktop group responded to 14 questions, with three out 

Fig. 2  XR and desktop/laptop envi-
ronments used for the experimental 
approach - reprinted from our 
previous conference paper [32]
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pertinent information of the study. If they chose to partici-
pate, participants first signed and dated the consent form. 
Participants could also withdraw at any time.

Results

Learning Gains

In this study, a lesson was designed on the foundational con-
cepts of Neural Networks and Handwritten Digit Recogni-
tion. This study compared the performance of two groups of 
participants exposed to the same lesson in two settings (i.e., 
XR and Desktop environments), using the MNIST dataset 
trained on a fully connected network [58].

 This section presents the lesson design and outlines 
the two distinct types of assessments employed: (1) an ini-
tial evaluation of participants’ prior knowledge conducted 
before the lesson, and (2) subsequent assessments of their 
learning outcomes integrated during the lesson itself.

Pre-Lesson Assessment of Prior Knowledge

Participants began by answering five out of 14 multiple-
choice questions assessing their prior knowledge of Neural 
Networks. These questions were administered before partic-
ipants engaged with any lesson content, serving as a baseline 
measure of their existing understanding of neural networks. 
These questions covered introductory concepts such as the 
definition of a Neural Network, the roles and functions of 
nodes and layers, and data processing sequences. Partici-
pants also demonstrated an understanding of concepts/prac-
tices like supervised and unsupervised learning, the impact 
of network architecture on energy consumption, and the 
significance of hardware components like CPUs, GPUs, 
and TPUs. For example, participants faced questions like 
What is a layer in a neural network? and How are GPUs, 
CPUs, and TPUs important for neural networks or CNNs? 
All questions were closed-ended, either multiple choice or 
True / False, to gauge the foundational knowledge of neural 
network theory. Further analysis of the 14 multiple-choice 
questions showed a generally high level of understanding 
by the participants, with an average of 80.7% correct. Most 
of the questions were correctly answered, but some had 
rates below 60%, indicating knowledge gaps—topics that 
need more explanation to help understanding.

 Moreover, an independent samples t-test compared 
mean differences between the XR and Desktop groups 
regarding “correctness” and “time spent responding to ques-
tions” (in seconds). Welch’s test was employed due to the 
lack of equal variances, as indicated by Levene’s test for 

samples t-tests were conducted to examine group differ-
ences in prior knowledge, in-lesson performance, session 
duration, and user experience scores. When the assumption 
of equal variances was not met the Welch’s t-test was used. 
In addition, effect sizes (i.e., Cohen’s d) were reported to 
indicate the magnitude of the differences between groups.

  

Ethical Considerations

This study has been approved by Purdue University’s Insti-
tutional Review Board under IRB-2024-57. A four-page 
consent form was designed to inform participants about the 
purpose, duration, confidentiality, benefits, risks, and other 

Arrival

S1 Consent Form

S3

Condition

Group

Tablets - 6 slides about
features of the XR S4

headset

S5

S6 XR S6

Group

Preparation: 15
Learning: 15

Completion

Fig. 3  Outline of the lesson design for the comparative study between 
XR and desktop environments - reprinted from our previous confer-
ence paper [32]
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high score variability, with skewness of -1.2, suggesting 
more participants scored above the mean. The scores var-
ied from 1.0 to 6.0. In contrast, the Desktop group got a 
mean score of 4.4 (Standard Error (SE) Skewness = 0.1, 
SD = 0.8), indicating less variability and more consistent 
performance. The skewness of zero indicates a near-normal 
distribution, which means the scores are uniformly dis-
tributed around the mean. In addition, the kurtosis of −0.4 
indicates fewer extreme values, which means fewer high or 
low scores, resulting in more consistent performance. Their 
scores ranged from 3.0 to 6.0. Although the Desktop group 
showed higher average performance and less variability, the 
XR group’s lower mean score and more significant variabil-
ity may stem from their unfamiliarity with XR technology. 
As participants become more accustomed to XR, their per-
formance may improve, potentially narrowing the gap with 
the Desktop group.

  
  
Figure 4 illustrates the scores on the multiple-choice 

questions for both the XR and Desktop groups, reinforcing 
the statistical data presented in Table 4 reprinted from our 
previous conference paper [32].

 This figure shows the mean scores, with the Desktop 
group having a mean of 4.4, slightly outperforming the XR 
group with a mean of 4.2. The error bars, representing the 
standard deviation range, highlight the greater variability in 
scores within the XR group with a standard deviation of 1.2, 
compared to the Desktop group with a standard deviation of 

“correctness” (refer to Table 3 reprinted from our previous 
conference paper [32]).

 Regarding correctness, both groups had similar mean 
scores (3.9 for XR and 4.1 for Desktop) with no significant 
difference (p = .7), indicating comparable prior knowledge 
of Neural Networks. Nevertheless, the period taken by the 
XR group to complete the pre-questionnaire was signifi-
cantly longer than the Desktop group (33.4 s versus 68.7 s; 
p < .001). This extended duration might result from XR par-
ticipants’ lack of familiarity with Neural Networks, requir-
ing significantly more cognitive effort.

In-Lesson Assessment of Learning Outcomes

On the other hand, during the intervention, the lesson asked 
six multiple-choice questions assessing learning outcomes. 
These questions were strategically embedded throughout 
the lesson to assess participants’ comprehension and reten-
tion of the material as it was being presented, thus directly 
measuring their learning gains. These questions focused 
on foundational concepts related to Neural Networks and 
Hand-written Digit Recognition, for example, about How 
many input neurons are there in a network handling MNIST 
images, and What do weights in the neural network repre-
sent. Some of the topics addressed in other questions were 
What ReLU does when given a negative input and What 
ReLU is used to introduce the goal of the softmax func-
tion?, and Which of the predefined test cases (0, 1, 3, and 
8) has the least confidence in prediction?. These questions 
assessed student understanding and interest in the material 
presented in the lesson.

 Table 4, reprinted from our previous conference paper 
[32], depicts the scores for the multiple-choice questions 
during the intervention. The XR group scored a mean of 4.2 
(Standard Error (SE) Skewness = 0.2, SD = 1.2), indicating 

Table 3  Independent samples t-test - reprinted from our previous conference paper [32]
t df p Mean Difference SE Difference Cohen’s d SE Cohen’s d

Correctness −0.6 54 0.7 0.1 0.3 0.2 0.3
Duration −4.4 34.7 0.0 −35.3 10.8 −1.2 0.3
For all tests, the alternative hypothesis specifies that group Desktop is less than group XR
Welch’s t-test

Table 4  Multiple-choice questions Scores - reprinted from our previ-
ous conference paper [32]
Statistic XR (n = 29) Desktop (n = 27)
Mean 4.2 4.4
Standard Error (SE) Skewness 0.2 0.1
Std. Deviation 1.2 0.8
Skewness −1.2 0
Standard Error (SE) Skewness 0.4 0.4
Kurtosis 1.2 −0.4
Standard Error (SE) Kurtosis 1.9 1.9

Fig. 4  Comparison of in-lesson multiple-choice scores between XR 
and Desktop groups
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Most desktop users had shorter session times, but a few par-
ticipants took much longer than the average. Furthermore, 
a kurtosis of 1.5 indicates more noticeable tails, implying 
more extreme session times, both shorter and longer, result-
ing in increased variability during the intervention. The ses-
sion times ranged from 239.0 to 1237.0 s.

User Experience

The results show that participants using the XR setting 
reported higher levels of usability, satisfaction, and like-
lihood to recommend the system than those using the 
Desktop version. The XR group (n = 29) experienced con-
sistently positive interactions, while Desktop users (n = 
27) faced more usability challenges and lower satisfaction 
levels. Detailed findings for each scale assessing user expe-
riences in both environments focused on Neural Networks 
and Handwritten Digit Recognition are provided.

The results of the System Usability Scale (SUS) [24] 
indicate that users found the XR system more engaging and 
easier to navigate. For instance, the statement “I think that I 
would like to use this system frequently ” (SUS1) received a 
mean score of 3.3 in the XR group versus 3.2 in the Desktop 
group, showing a stronger inclination to use the XR sys-
tem. Although both groups rated the statement “I thought 
the system was easy to use” (SUS3) similarly, the Desktop 
group exhibited greater variability, reflecting inconsistent 
experiences.

 Moreover, as indicated in Table 6 reprinted from our 
previous conference paper [32], the XR group achieved an 
average SUS score of 60.1, which aligned closely with the 
standard norm of 68. This shows that the perceived usabil-
ity was acceptable, yet it suggests that there is still room 
for enhancement. Nonetheless, the average SUS score for 
the Desktop group of 57.9 indicated increased challenges. 
This also indicates that while both systems require enhance-
ments, the XR system is showing superior performance in 
terms of overall usability compared to the Desktop system.

  
The User Satisfaction Questionnaire (USQ) results indi-

cate high overall satisfaction, particularly among XR par-
ticipants, who reported greater satisfaction than Desktop 
users. The XR group achieved a mean score of 4.1 for “sat-
isfaction with the XR experience” (USQ1), with a standard 
deviation of 0.8. In contrast, the Desktop group reported a 
mean satisfaction score of 3.6 and a higher standard devia-
tion of 0.8, indicating more variability. For satisfaction with 
visual quality (USQ3), the XR group scored higher at 3.9, 
compared to the Desktop group’s score at 3.6. This suggests 
a better perceived visual quality and a more consistent posi-
tive perception in the XR environment, indicating an effec-
tive user expectation management, compared to the lower 

0.8. This is further emphasized by the minimum and maxi-
mum score markers, which show a wider range of perfor-
mance in the XR group (1.0 to 6.0) compared to the Desktop 
group (3.0 to 6.0). While both groups show high scores, Fig. 
4 underscores that the desktop group had a more consistent 
performance and the XR group had a wider distribution of 
results, which may be due to the “novelty effect” of the XR 
technology for many participants.

  
  

User Engagement Assessment (Session Time)

Furthermore, user engagement was assessed in both the XR 
and desktop contexts, with the session time metric consid-
ered an important factor in analyzing user engagement and 
persistence. Extended periods demonstrate a deeper engage-
ment with the topic matter. Table 5, reprinted from our pre-
vious conference paper [32], depicts the results on Session 
Time. Using the XR headset, the XR group had a mean ses-
sion time of 723.7 s (Standard Error (SE) Skewness = 33.4, 
SD = 179.8), indicating considerable variability. The skew-
ness of −0.2 suggests a near-normal distribution, meaning 
that session times are mostly balanced around the average. 
Most of the participants had session times close to the mean, 
reflecting a balanced experience. Furthermore, a kurtosis of 
−0.9 suggests that the distribution is slightly flatter, with 
fewer extreme values and more consistent session times. 
That is, this kurtosis suggests that there was a more uni-
form experience among the XR group than among the other 
group. The session lasted between 359.0 and 1009.0 s.

 However, the mean session duration for desktop users 
was 578.5 s (Standard Error (SE) Skewness = 40.1), show-
ing greater variability due to a standard deviation of 212.2 
s, suggesting that the duration of the sessions varied signifi-
cantly within the desktop group, with certain participants 
spending more or less time compared to others. This indi-
cates that most of the participants finished their sessions on 
time, while a small number took significantly longer, result-
ing in a skewed distribution to the right. The skewness of 
0.8 indicates a right-skewed distribution, meaning most ses-
sion times were shorter, with a few much longer outliers. 

Table 5  Session time (in seconds) - reprinted from our previous con-
ference paper [32]
Statistic XR (n = 29) Desktop (n = 27)
Mean 723.7 578.5
Standard Error (SE) Skewness 33.4 40.1
Std. Deviation 179.8 212.2
Skewness −0.2 0.8
Standard Error (SE) Skewness 0.4 0.4
Kurtosis −0.9 1.5
Standard Error (SE) Kurtosis 1.9 1.9
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of the real world. In contrast, the item “How real did the 
virtual world seem to you?” had a mean score of 0.6 and 
a standard deviation of 1.6, indicating varied perceptions 
of realism. This variation may stem from individual sensi-
tivities to immersive experiences. The moderate immersion 
measured by the overall IPQ score of 3.48 on 56 participants 
demonstrates the strong experience of presence when users 
are engaged in the virtual world. However, these results also 
indicate room to improve the consistency in engagement 
and realism for all users.

 Furthermore, the average likelihood of 56 people rec-
ommending their experience was 7.2, indicating that their 
opinions differed. XR users displayed more excitement, 
with an average NPS score of 7.9, showing their increased 
likelihood of recommending the experience. In contrast, the 
Desktop users scored 6.5, indicating the need for improve-
ment to match the recommendability of the XR version.

 Another independent sample t-test was conducted to 
investigate the effects of the XR environment compared 
to the Desktop version on instructional design. This study 
looked at the System Usability Scale (SUS), User Satisfac-
tion Questionnaire (USQ), and Net Promoter Score (NPS) 
in both the XR and Desktop groups. The goal was to demon-
strate that participants in the XR environment would report 
higher scores in perceived presence, system usability, and 
overall satisfaction than those using the Desktop version 
(refer to Table 8 reprinted from our previous conference 
paper [32]). This data analysis indicates that users of the 
XR system reported significantly higher user satisfaction 
(measured by the User Satisfaction Questionnaire, USQ) 
and a greater likelihood of recommending the system (indi-
cated by the Net Promoter Score, NPS) compared to Desk-
top users. This suggests that XR participants were more 

scores of the Desktop group, indicating some areas needing 
improvement (refer to Table 7 reprinted from our previous 
conference paper [32]).

 In general, the participants who used the XR system 
were very satisfied, with an overall average rating of 4.1 out 
of 5. Despite this, desktop users had an average rating of 
3.6, suggesting that there is room for improvement in visual 
appeal and user-friendliness, although users in this group 
were generally satisfied.

 On the other hand, findings from the Immersive Pres-
ence Questionnaire (IPQ) [27] show that participants in the 
XR group experienced a higher sense of presence than desk-
top group participants. For instance, the item How aware 
were you of the real-world surroundings while navigating 
in the virtual world?, had a mean of 1.8, standard deviation 
of 0.9, indicating high immersion and reduced awareness 

Table 6  System Usability Scale—reprinted from our previous conference paper [32]
SUS1 SUS2 SUS3 SUS4 SUS5 SUS6 SUS7 SUS8 SUS9 SUS10

Descriptive Statistics: XR (n=29)
 Mean 3.3 2.4 3.6 2.5 3.8 2.0 2.2 2.9 2.8 2.2
 Standard Error (SE) Mean .1 .1 .1 .2 .1 .1 .1 .2 .2 .2
 Standard Deviation 1.0 1.0 1.0 1.3 .9 .9 1.0 1.1 1.2 1.3
 Skewness .1 .4 −.7 .6 −.5 .9 .4 .2 −.4 .8
 Standard Error (SE) Skewness .3 .3 .3 .3 .3 .3 .3 .3 .3 .3
 Kurtosis −.7 -1.0 .1 −.7 −.4 .2 −.8 −.6 -1.1 −.6
 Standard Error (SE) Kurtosis .6 .6 .6 .6 .6 .6 .6 .6 .6 .6
Descriptive Statistics: Desktop (n = 27)
 Mean 3.2 2.2 3.6 2.3 3.7 2.2 2.6 3.3 2.3 2.3
 Standard Error (SE) Mean .2 .2 .2 .2 .2 .2 .2 .2 .3 .3
 Standard Deviation 1.0 1.0 1.0 1.1 .9 1.1 1.0 1.0 1.3 1.3
 Skewness .3 .5 −.4 .6 −.5 .7 −.2 −.3 .4 .5
 Standard Error (SE) Skewness .5 .5 .5 .5 .5 .5 .5 .5 .5 .5
 Kurtosis −.8 −.7 −.8 −.4 −.3 −.6 -1.3 −.4 -1.3 -1.2
 Standard Error (SE) Kurtosis .9 .9 .9 .9 .9 .9 .9 .9 .9 .9

Table 7  User satisfaction Questionnaire - reprinted from our previous 
conference paper [32]

USQ1 USQ2 USQ3
Descriptive Statistics: XR (n = 29)
 Mean 4.1 4.1 3.9
 Standard Error (SE) Skewness 0.1 0.2 0.2
 Standard Deviation 0.8 1.1 0.9
 Skewness −0.1 −1.0 −0.3
 Standard Error (SE) Skewness 0.4 0.4 0.4
 Kurtosis −1.2 0.6 −0.7
 Standard Error (SE) Kurtosis 0.9 0.9 0.9
Descriptive Statistics: Desktop (n = 27) 
 Mean 3.6 3.6 3.6
 Standard Error (SE) Skewness 0.2 0.2 0.2
 Standard Deviation 0.8 1.2 1.1
 Skewness −1.2 −0.3 −0.7
 Standard Error (SE) Skewness 0.5 0.5 0.5
 Kurtosis 0.6 −0.7 −0.0
 Standard Error (SE) Kurtosis 0.9 0.9 0.9
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surpassing the Desktop group’s of 6.5, indicating a greater 
likelihood of recommending the system.

  
Figure 5 highlights that participants using the XR sys-

tem experienced greater usability, satisfaction, and a stron-
ger intention to recommend the system than those using 
the traditional desktop setup. However, the two groups 
did not have significant differences in system usability (as 
assessed by the System Usability Scale, SUS), indicating 
similar usability ratings. For this independent samples t-test, 
Welch’s test approach was used due to unequal variances 
indicated by Levene’s test for items SUS7 and SUS9, partic-
ularly regarding ease of learning and confidence. Although 
normality tests showed significant deviations (p < .05), the 
Central Limit Theorem supports the idea that the distribu-
tion of sample means approximates normality as sample 
sizes grow larger [59].

 The system usability scale (SUS) analysis did not show 
significant differences between the XR and Desktop groups 
for most items. However, XR users felt more confident using 
the system. This was clear in their responses about user con-
fidence (SUS9), where XR users had higher scores (t = −3.3, 
p < .01) and a strong effect size (Cohen’s d = − 0.9).

 In the User Satisfaction Questionnaire (USQ), apparent 
differences were observed in the first item (USQ1), with a 
p-value below 0.05. However, effect sizes of −0.6 and −0.4, 
for USQ1 and USQ2 show that XR users had a better overall 
experience and rated the visual quality higher than Desk-
top users. There was also a slight difference in how easy 
users found the system to use and visual quality (USQ2 
and USQ3), with p-values of 0.1, suggesting that XR users 

satisfied and inclined to recommend their experience with 
the system.

Figure 5 illustrates how the XR group consistently 
reported higher mean scores across the different metrics. 
The figure shows how the XR group achieved an average 
System Usability Scale (SUS) score of 60.1, suggesting a 
better perceived usability compared to the Desktop group’s 
average of 57.9. In a similar way, regarding the user sat-
isfaction reported by the User Satisfaction Questionnaire 
(USQ), the XR group scored higher than the Desktop group 
with a score of 4.1 over 3.6. Moreover, for the Net Promoter 
Score (NPS), the XR group reached a mean of 7.9, clearly 

Table 8  Independent samples t-test - reprinted from our previous conference paper [32]
t df p Mean Difference SE Difference Cohen’s d SE Cohen’s d

System Usability Scale
 SUS1 −.7 54 .2 −.2 .3 −.2 .3
 SUS2 −.9 54 .2 −.3 .3 −.3 .3
 SUS3 .4 53.8 .7 .1 .3 .1 .3
 SUS4 −1.2 53.7 .1 −.4 .3 −.3 .3
 SUS5 −.1 54 .5 −.0 .3 −.0 .3
 SUS6 1.0 48.8 .8 .3 .3 .3 .3
 SUS7 2.9 43.5 1.0 .7 .3 .8 .3
 SUS8 3.0 53.6 1.0 .8 .3 .8 .3
 SUS9 −3.3 45.1 .0 −1.0 .3 −.9 .3
 SUS10 .3 52.5 .6 .1 .3 .1 .3
User Satisfaction Questionnaire
 USQ1 −2.1 53.2 .0 −.4 .2 −.6 .3
 USQ2 −1.4 53 .1 −.4 .3 −.4 .3
 USQ3 −1.2 51.8 .1 −.3 .3 −.3 .3
Net Promoter Score
 NPS −2.4 47.7 .0 −1.4 .6 −.7 .3
For all tests, the alternative hypothesis specifies that group Desktop is less than group XR
Welch’s t-test

Fig. 5  Comparison between the metrics assessing user experience for 
the XR and Desktop groups

 

SN Computer Science

Page 13 of 19    943 



SN Computer Science           (2025) 6:943 

 Moreover, desktop interfaces often lack the immersive 
elements found in XR, leading to a broader range of user 
experiences that may hinder the educational progress of 
some students. However, based on the findings presented 
in this paper, the interactive quality of XR enables students 
to interact with 3D models, improving comprehension and 
memory of complex ideas and grasping deeper complex 
concepts, giving this technology a notable edge over con-
ventional approaches. However, our findings indicate that 
increased embodiment did not automatically produce higher 
learning scores, which aligns with previous research that 
has suggested that immersive settings may increase cogni-
tive load when insufficient support is provided [60].

 Nevertheless, despite XR participants reporting more 
engagement, as evidenced by longer session lengths and 
higher user satisfaction, this did not transfer into better 
learning outcomes, as both the XR and Desktop groups pro-
vided similar correct responses. The variability in XR user 
performance suggests that not all benefited equally from 
the immersive experience, with some struggling with the 
technology. Factors, such as the novelty of the XR technol-
ogy, can distract participants from educational content, and 
the learning curve associated with XR could hinder mate-
rial absorption [61]. Then, to overcome these challenges, 
students may need specific training (i.e., scaffolding) and 
support to use technology and stay focused on learning 
objectives properly. Accordingly, providing scaffolding can 
reduce this cognitive load, as structured guidance on how to 
use gestures and controls can help students transform their 
physical actions in XR into a meaningful understanding of 
the abstract content being studied [60].

 These performance gaps in learning within the XR group 
became evident during our intervention. Although this group 
reported higher engagement, as suggested by our findings, 
they also showed a mean score of 4.2 on the multiple-choice 
questions, and their results (scores) were more variable and 
less consistent. In fact, the higher standard deviation of the 
XR group (1.2) compared to the one reported by the Desktop 
group (0.8) indicates that the individual scores within the 
XR group were more spread out from their mean, suggest-
ing greater variability and less consistency in performance 
among the participants. The statistical analysis further 
supports this claim, as it also showed that the XR group 
reported a negative skewness in their test scores, suggesting 
that while several students had an overall high performance, 
others scored significantly lower, which suggests that there 
is an inconsistency in how learners responded to the XR 
experience, due to the resulting wider distribution of the 
results. In addition, the kurtosis value further suggests that 
some students either thrived or struggled considerably more 
than expected (refer to Table 4 reprinted from our previ-
ous conference paper [32]). Therefore, such inconsistencies 

found it easier to use and were more satisfied regarding the 
visual quality of the environment.

 Finally, for the Net Promoter Score (NPS), a significant 
difference (p < .01) with a medium effect size (Cohen’s d = 
−0.7) was found, meaning that XR users were more likely to 
recommend the system. Overall, XR users reported higher 
satisfaction, confidence, and a greater willingness or likeli-
hood to recommend their experience with the system.

Discussion

Involving immersion technologies in education, such as 
XR, to introduce complex concepts like AI-related topics 
(e.g., neural networks or handwritten digit recognition) 
may require a mix of sensory engagement, interactivity, 
and relevance. Research suggests that high-quality visuals, 
realistic simulations, and interactive features help learners 
actively explore complex topics (e.g., AI concepts), making 
them easier to understand and remember [34]. However, it 
is important to avoid overwhelming students with too much 
information at once, so technology should support learning 
without causing distractions [33]. Thus, gradually intro-
ducing XR technologies and providing guidance can help 
students focus on their learning. Guided by assumptions of 
embodied cognition, this study examined the educational 
value of students performing actions or movements dur-
ing learning and how those forms of engagement may have 
resulted in students’ understanding of abstract concepts 
more effectively. In this study, while the XR environment 
offered a higher level of embodiment through direct interac-
tion with 3D neural network layers via the hand controllers, 
the desktop environment limited embodied interaction to 
mouse and keyboard [35, 36].

 The findings suggest that XR environments may boost 
engagement, promoting deeper cognitive processing via 
meaningful interactions with the content, as visualizations 
are particularly useful in comprehending complex ideas, 
such as Neural Networks, as they aid in understanding 
[11]. In general, users found the XR system to be easier to 
navigate and allowing them to focus on learning rather than 
struggling with technology. This is supported by the System 
Usability Scale (SUS) scores, where the participants in the 
XR group had an average score of 60.1, compared to 57.9 
for the participants in the desktop group, suggesting that 
the XR users had a more positive experience and increased 
participation in their learning tasks. It is important to point 
out that both the XR and Desktop groups received the same 
learning content about Neural Networks and Handwritten 
Digit Recognition, but the XR environment included inter-
active 3D visualizations and immersive features, while the 
Desktop version only showed standard 2D graphics.
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and support student thinking in 3D spaces, guide collab-
orative problem-solving in virtual environments, and offer 
real-time feedback that uses XR’s features. Therefore, with 
the right scaffolding for both learners and educators, XR 
technologies can be used more effectively to create deeper 
and more meaningful learning experiences [66]. Despite 
these challenges, technologies like XR have the potential 
to greatly increase student engagement. They help students 
learn and retain complex concepts more easily by making 
them more accessible, improving motivation, and sparking 
interest [19]. Integrating XR into education could create 
a more dynamic and effective learning environment [11]. 
However, as indicated before, further research is needed, 
using larger sample sizes and more diverse STEM topics, 
to compare XR with traditional learning methods and their 
impact on learning outcomes. Additionally, it is important 
to explore how immersive technologies like XR can support 
different learning styles, particularly for students who may 
need extra time or specific support to adapt to this technol-
ogy. Future studies should focus on how XR can be used 
to personalize learning experiences, tailoring them to indi-
vidual needs. Therefore, when used effectively, immersive 
technologies, such as XR, have great potential to enhance 
learning experiences and improve educational outcomes.

Conclusions, Limitations, and Future Work

The results of this study show the differences in learning 
between XR environments and traditional desktop settings, 
highlighting their distinct advantages and disadvantages in 
teaching complex AI concepts. The students’ experiences 
and outcomes differed, while both technological approaches 
intended to introduce complex topics by employing inter-
active tasks, such as Neural Networks and Handwritten 
Digit Recognition. XR technology has made learning more 
engaging and easier to use, but some challenges need to be 
considered.

 In this study, the control group used a laptop, which may 
have influenced the results. A larger screen, such as a desk-
top monitor, provides a wider field of view and can enhance 
immersion and engagement, similar to some benefits of an 
XR headset but without the physical discomfort or novelty 
issues. In this study, a laptop was chosen for practical rea-
sons, as laptops are a common setup for computer-based 
learning. However, the smaller and less immersive laptop 
screen may have limited the desktop experience, making 
the comparison with the XR group less direct. To address 
this limitation, future research should include a standard or 
extended desktop monitor to examine how screen size influ-
ences engagement and learning outcomes.

may indicate that the learning benefits of XR are not evenly 
distributed and may depend on different factors, such as the 
prior experience or the cognitive readiness of the learners 
[60]. For instance, prior familiarity influences the effective-
ness of embodiment, as without experience, interactive fea-
tures may demand additional cognitive effort and limit the 
intended learning outcomes.

 The high initial cognitive load caused by the novelty 
and the learning curve of XR technology helps hypothesize 
on why the XR group’s higher engagement did not always 
result in better learning outcomes [60, 62, 63]. Although the 
immersive experience captured the students’ attention and 
created an overall positive learning environment, as sug-
gested by our findings, many had to spend a higher cog-
nitive effort learning how to use the new interface in the 
immersive XR environment [64]. Consequently, this sug-
gests that it may have likely reduced their ability to focus 
on understanding the complex AI concepts introduced in 
the intervention. As a result, the performance within the XR 
group varied, with some students who adapted quickly and 
were able to benefit from the immersive features, while oth-
ers may have struggled with the XR technology, which may 
have affected how much they learned, despite being actively 
engaged in the immersive learning approach.

 This learning gap could be related to the “novelty effect” 
that the XR technologies could have, for instance, where the 
excitement or curiosity about the tools captures users’ atten-
tion but may unintentionally shift their focus away from the 
instructional content [65]. Many students were using XR for 
the first time, and this new experience may have distracted 
them from the actual learning objectives. In fact, as reported 
in Table 1, reprinted from our previous conference paper 
[32], 51.7% of XR users had never used XR before, and 
37.9% had used VR only once. Hence, as suggested by our 
demographics, most students in our study were unfamiliar 
with this kind of technology and required significant time 
and effort to understand how to use the system, compared 
to the desktop-based environment for the same content, fol-
lowing the same instructional design.

 Moreover, to improve the educational value of XR, it is 
important to support both students and instructors to make 
the most of these technologies [66]. This involves providing 
a proper scaffolding within the XR environment to facilitate 
effective learning, which could include, for instance, inter-
active tutorials for gesture controls within the system, or 
customizable features that allow students to adjust the dif-
ficulty of tasks as they become more comfortable and famil-
iar with the XR system [67]. These approaches aim to have 
students focus more on understanding AI concepts rather 
than struggling with the technology itself. At the same time, 
instructors need training that goes beyond learning how to 
use XR tools solely. They should also learn how to observe 
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their ability to apply what they have learned, for instance, 
by tracing data through network layers or adjusting an AI 
model (i.e., a neural network) in real-time. Hence, these 
approaches may provide a better understanding of what stu-
dents have learned, examining skills such as critical thinking 
and hands-on problem-solving, in addition to engagement, 
which are skills supported by immersive technologies.

 Furthermore, the results describing how the in-lesson 
learning outcome scores were comparable between the XR 
and Desktop groups suggest that the effect size was likely 
small. Therefore, to reliably detect effects of a small mag-
nitude with 80% power, a significantly larger sample size 
is required [55]. However, since this was an exploratory 
study, the sample size N = 56 was sufficient to identify 
medium-sized differences. Nevertheless, further research 
should include larger and more diverse samples to improve 
statistical power to detect smaller effects and to support and 
complement all claims made in this exploratory study.

 Building on the findings from this study, further research 
could explore whether the benefits of learning in XR envi-
ronments last over time. Although the students may have 
demonstrated understanding immediately after the XR 
lesson, it is still unclear whether this knowledge remains 
enduring. Hence, conducting a longitudinal study could 
provide evidence of the long-term effects of XR on learn-
ing AI topics [70]. Moreover, further research could explore 
expanding the XR content beyond other abstract AI con-
cepts, beyond Neural Networks and Handwritten Digit 
Recognition, to better understand how this technology can 
support a broader range of challenging AI topics [71]. Fur-
ther studies could also examine how XR lessons work when 
implemented in real classroom settings, such as with student 
groups or full-class settings, which could provide a clearer 
picture and better understanding of how XR performs under 
typical learning conditions, including time limitations 
and diverse student needs. In addition, future work could 
involve enhancing the XR system with features that enable 
users to control their view and interaction with AI models 
(e.g., adjusting network layers or testing different datasets), 
which may also increase its educational value. These fea-
tures could also allow for customization based on the topic 
or the learner’s preferences.

 Furthermore, to elaborate on the comparison between XR 
and desktop-based instruction more clearly, future research 
could use additional instructional designs, such as group-
ing students with similar backgrounds or having students 
experience both learning methods—both XR and desktop 
environments—with different content, as these approaches 
may help identify and better understand when XR is most 
helpful and how it can complement traditional learning.

Acknowledgements  The authors thank all participants who volun-
tarily and actively contributed to the study with their participation. 

 The outcomes of this research suggest that the variability 
in performance among XR users may arise from their unfa-
miliarity with the technology [68]. Although performance 
may increase with more exposure, this leads to concerns 
about the initial learning process and differences in adapt-
ability among students, particularly those who are not as 
familiar with technology [65]. Thus, training and scaffold-
ing are needed to support the adaptability of new immersive 
technologies in education.

 Desktop environments are generally considered more 
intuitive, as they do not need special equipment like XR 
environments, making it possible for students without XR 
access to participate [11]. There is also a higher price for the 
XR equipment, which makes it difficult to acquire. Fortu-
nately, the performance/price ratio of XR headsets contin-
ues to increase. For example, our XR environment can now 
be deployed on a $300 Meta Quest 3 S.

 Nevertheless, there are several limitations of the current 
version of ACHIEVE. For instance, although users can cus-
tomize many visualization settings, these adjustments must 
be made manually at this time, and not in an automated way. 
Moreover, while the system can currently load different pre-
trained models to show different learning states of the NN, it 
currently uses static weights and does not support live train-
ing or dynamic weight updates, which would require a more 
advanced back-end system.

 The authors acknowledge that this research only inves-
tigated the quantitative perspective. Therefore, further 
research will be conducted to analyze the effectiveness of 
immersive technologies, such as XR, in a deeper way using 
different lenses. For this, multiple methods will be used to 
identify and reflect on the interplay between overall per-
formance and rationales in measuring students’ learning 
outcomes. That is, further research aims to provide a more 
complete understanding of how these immersive technolo-
gies impact learning outcomes, reflecting on the variability 
in students’ experiences and on how they can be used more 
effectively in education.

 The multiple-choice questions are useful for standard-
ized testing, as reported preliminarily in this manuscript. 
However, they may not fully measure learning, the deeper 
understanding, and the skills that students develop in an 
immersive setting [9]. For instance, XR can enable students 
to interact with and visualize abstract data flows in a neu-
ral network, where learning extends beyond selecting the 
correct answer in closed-ended questions [9, 69]. Therefore, 
further research may include open-ended questions that 
ask students to explain their thinking and how they under-
stand other AI concepts, such as AI bias and generalization. 
Overall, these responses will help provide a better under-
standing of how students are learning. In addition, the tasks 
that students complete in the XR environment will also test 
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