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Featured Application

This study informs the design of VR-based training in technical education by demonstrat-
ing that high immersion can impose cognitive costs for novice learners. Educators and
developers can apply these insights to sequence VR after foundational instruction and
incorporate cognitive load-aware design features such as signaling and guided narration.
The results support using VR as a complementary tool within blended learning frameworks,
helping institutions and industry trainers enhance learner focus, retention, and practical
skill development while minimizing cognitive overload.

Abstract

As immersive technologies increasingly permeate education and professional training, their
cognitive implications for novice learners remain underexplored. This study examines the
relative effectiveness of virtual reality (VR)-based instruction compared with conventional
teaching modalities in a controlled experimental setting. A total of 106 undergraduate
medical students with no prior technical experience were randomly assigned to one of three
instructional conditions: (1) PowerPoint-based presentation, (2) real-person demonstration,
or (3) immersive VR simulation of a five-axis CNC machine. Participants’ cognitive ability
was assessed using Raven’s Progressive Matrices, and their learning styles were measured
via the Honey and Mumford questionnaire. Immediate knowledge retention was evaluated
through a 20-item multiple-choice test. Results revealed a significant main effect of instruc-
tional method on post-test performance (p < 0.001), with the real-person group achieving
the highest mean score, followed by PowerPoint and VR groups. IQ was a significant
predictor of performance across conditions but did not moderate the effect of instructional
method. Gender and learning-style preferences showed no meaningful associations with
learning outcomes. The findings suggest that, for novice learners engaging with complex
technical content, immersive VR may impose additional cognitive demands that hinder
immediate knowledge acquisition. These results contribute empirical support to Cognitive
Load Theory and the Cognitive Affective Model of Immersive Learning, emphasizing the
need for careful instructional design and cognitive scaffolding in VR-based education.

Keywords: virtual reality (VR) in education; immersive learning; cognitive load; interactive
educational technology; technical education; five-axis CNC training

Appl. Sci. 2025, 15, 12534 https://doi.org/10.3390/app152312534

https://doi.org/10.3390/app152312534
https://doi.org/10.3390/app152312534
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0000-0003-3997-1691
https://orcid.org/0000-0002-4081-1161
https://doi.org/10.3390/app152312534
https://www.mdpi.com/article/10.3390/app152312534?type=check_update&version=1


Appl. Sci. 2025, 15, 12534 2 of 18

1. Introduction
Technological advancements have revolutionized the way knowledge is delivered

and acquired, with immersive virtual reality (VR) emerging as one of the most promising
educational innovations. VR enables learners to interact with realistic 3D environments that
replicate real-world contexts, potentially enhancing engagement, spatial understanding,
and experiential learning [1–3]. In technical and engineering education, VR allows students
to visualize complex machinery and processes that are otherwise difficult to access physi-
cally, such as manufacturing systems, medical equipment, or laboratory procedures [4].

Despite this potential, evidence of VR’s effectiveness in improving learning outcomes
remains mixed. While some studies report increased motivation, engagement, and per-
ceived presence, others show no improvement or even lower immediate knowledge re-
tention compared to traditional instructional formats [1,5,6]. These inconsistencies are
often attributed to cognitive load theory [7], which suggests that the high interactivity
and sensory richness of VR can overload working memory, especially for novice learners
unfamiliar with the content [1]. A growing body of research indicates that the design of
instructional materials and scaffolding—such as signaling, guidance, and pacing—plays a
critical role in determining whether VR enhances or hinders learning [2,5].

In parallel, factors such as individual cognitive ability and learning preferences have
been hypothesized to influence how learners respond to immersive instruction. Higher
cognitive ability, often assessed through IQ measures like Raven’s Progressive Matrices [8],
may facilitate information integration in complex visual environments. Meanwhile, learn-
ing style models such as Honey and Mumford’s typology [9] have been widely applied
in educational contexts, yet their predictive validity for performance outcomes remains
weak [10]. Understanding how these individual differences interact with instructional
methods can inform more personalized and effective educational designs.

Given the increasing investment in immersive learning technologies for education
and professional training, empirical evidence comparing VR with conventional methods
remains essential. Few controlled studies have directly contrasted VR-based instruction
with PowerPoint-based and real-person, hands-on teaching on the same topic, particu-
larly among learners with no prior knowledge. Such comparisons are crucial for clar-
ifying whether VR confers a measurable advantage—or disadvantage—under realistic
classroom conditions.

Therefore, this study investigates the impact of instructional modality (VR, PowerPoint,
real-person) on immediate knowledge retention among novice learners in a technical
education context. Specifically, it addresses four research questions:

1. Does VR-based instruction produce better immediate knowledge retention than Pow-
erPoint and real-person instruction?

2. How do students with no prior knowledge of a subject respond to different teaching
methods in terms of comprehension and engagement?

3. What are the implications of using VR as a primary teaching tool in technical education
compared to traditional approaches?

4. Does cognitive ability (as measured by an IQ test) influence learning outcomes differ-
ently across the three instructional methods?

Additionally, the study explores whether gender and Honey & Mumford learning-
style preferences influence learning outcomes. In line with previous meta-analyses, we
anticipate minimal effects of learning styles on knowledge performance [10].

By addressing these questions, this paper contributes to the ongoing debate on the
role of immersive technologies in education, offering empirical evidence on when and
how VR-based learning may—or may not—enhance instructional effectiveness. The paper
proceeds as follows: after the literature review, presented in Sections 2 and 3 describes
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the experimental design and methods, Section 4 presents the statistical analyses and
results, Section 5 discusses the implications and limitations, and Section 6 concludes
with recommendations for future VR-based instructional design.

2. Literature Review
2.1. The Rise of Immersive Technologies in Education

In recent years, the proliferation of affordable and portable virtual reality (VR) sys-
tems has accelerated the adoption of immersive technologies in education. VR creates
synthetic, interactive, three-dimensional environments that simulate real-world experi-
ences, offering the potential for experiential and situated learning [4,11]. Unlike traditional
instructional media such as slides or videos, VR allows learners to manipulate and ex-
plore objects and systems from multiple perspectives, facilitating embodied cognition and
spatial reasoning [1].

A growing number of studies have examined VR’s impact across diverse educa-
tional domains—engineering [12], medicine [13–15], and science education [3]. A large
meta-analysis by Merchant et al. [3] found that VR-based learning environments generally
outperform traditional instruction in promoting conceptual understanding and motiva-
tion, but results vary depending on the type of learning outcome, immersion level, and
instructional design. Similarly, the systematic review by Radianti et al. [4] concluded that
while VR enhances engagement and presence, its effectiveness for knowledge retention is
inconsistent, especially in short interventions and among novice learners.

2.2. Theoretical Frameworks Explaining VR Learning Outcomes
2.2.1. Cognitive Load Theory and Immersive Learning

A major theoretical framework explaining mixed outcomes in VR learning is Cog-
nitive Load Theory (CLT) [7,16]. CLT posits that learning effectiveness depends on the
balance between intrinsic load (task complexity), extraneous load (unnecessary cognitive
effort), and germane load (schema construction). Immersive VR environments, while
rich in sensory input, can impose a high extraneous load due to navigation, motion, and
visual complexity [1].

Makransky and Petersen [17] proposed the Cognitive Affective Model of Immersive
Learning (CAMIL), integrating CLT with affective and motivational components. CAMIL
posits that immersive features increase presence and motivation, which can benefit learn-
ing only if cognitive resources are not overwhelmed. If learners’ attention is diverted
to interacting with the environment rather than processing core content, learning may
decline—a phenomenon empirically observed in several experiments [1,5,6].

2.2.2. Presence, Engagement, and Cognitive Outcomes

Presence—the psychological sense of “being there”—is often cited as VR’s primary
advantage [18,19]. While presence correlates with enjoyment and engagement, evidence
linking it to better learning is inconsistent [20,21]. Studies such as Parong and Mayer [6]
demonstrated that students who learned science content in immersive VR reported higher
presence and enjoyment but scored lower on factual tests compared to those learning via
desktop simulation. Similarly, Makransky et al. [1] found that immersive VR increased
presence and interest but led to lower immediate retention, suggesting that high perceptual
load can interfere with encoding new information.

These findings challenge the simplistic assumption that “more immersive” automati-
cally means “better learning.” Instead, the relationship between immersion, cognitive load,
and performance appears non-linear, emphasizing the need for careful instructional design.
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2.3. Empirical Evidence from Technical and Vocational Education

In technical and vocational contexts, VR is often promoted as a safe, cost-effective
alternative for training on complex machinery or hazardous environments. For instance,
Lee and Wong [12] showed that engineering students using VR simulations of mechanical
systems improved spatial understanding and task performance. However, other research
highlights that novice learners may struggle to translate virtual experience into conceptual
understanding without explicit guidance [22].

In manufacturing and mechanical domains, short VR-based training sessions have
sometimes resulted in lower immediate test scores compared to physical demonstrations
or video instruction [1]. These results suggest that hands-on familiarity and guided obser-
vation may be more efficient for initial learning phases, whereas VR might excel in later
transfer or procedural stages [23].

Overall, the literature suggests that VR’s pedagogical value is context-dependent, influ-
enced by content complexity, learner expertise, and the degree of instructional support [4,22].

2.4. Individual Differences: Cognitive Ability and Learning Styles
2.4.1. Cognitive Ability (IQ)

Cognitive ability, particularly fluid intelligence, influences how learners process and
retain new information [24]. In multimedia learning contexts, high-IQ learners tend to
benefit more from complex, self-directed environments because they can allocate cognitive
resources efficiently [25]. When applied to VR, this implies that IQ may moderate the impact
of immersion—high-ability learners may thrive, while low-ability learners may experience
cognitive overload. However, few VR studies have explicitly tested this moderation effect,
leaving a significant empirical gap.

2.4.2. Learning Styles

Learning style theories, such as the Honey and Mumford model [9], classify learn-
ers as Activists, Reflectors, Theorists, or Pragmatists. Despite their popularity in train-
ing and higher education, rigorous reviews [10,26] found little evidence that match-
ing instructional methods to learning styles improves learning outcomes. In VR re-
search, learning styles have rarely been examined, and when they are, results remain
inconclusive [27]. This underexplored intersection—between immersive learning and
learning-style preferences—represents another theoretical and empirical gap that the
present study addresses.

2.5. Identified Gaps and Rationale for the Present Study

The reviewed literature converges on several key points:

1. VR enhances engagement and presence, but its effect on knowledge retention
is inconsistent.

2. Cognitive load is a central explanatory mechanism, yet few studies directly compare
VR with traditional methods using controlled experimental designs and objective
learning outcomes.

3. Individual differences, such as IQ and learning styles, remain understudied modera-
tors in VR learning.

4. Most previous research focuses on domain-specific applications or short-term moti-
vational measures rather than systematic comparisons of learning efficiency across
instructional modes.

In response, this study provides a controlled empirical test comparing VR, PowerPoint,
and real-person instruction on a technical subject unfamiliar to learners. By integrating
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cognitive ability and learning style variables, the study aims to advance understanding of
when and for whom immersive technologies enhance—or impair—learning.

This literature review establishes that the study not only extends prior VR learning
research but also contributes methodologically by combining objective assessment, indi-
vidual difference measures, and direct comparison across instructional modalities, thereby
filling a documented gap in immersive learning evaluation.

3. Materials and Methods
3.1. Participants

The study involved 106 s-year medical students (72 females, 34 males) enrolled in the
General Medicine program at Lucian Blaga University of Sibiu, Romania. All participants
were native Romanian speakers and had no prior knowledge of the subject matter used
in the instructional intervention. Participation was voluntary, and informed consent was
obtained from all individuals prior to data collection.

Participants were randomly assigned to one of three instructional conditions:

1. Virtual Reality (VR) training group (n = 35),
2. PowerPoint-based instruction group (n = 35), and
3. Real-person (hands-on) instruction group (n = 36).

The total sample size (N = 106) provides adequate statistical power (>0.99) to detect a
large effect (f = 0.40) using a one-way ANOVA at α = 0.05. The observed effect size was
substantially larger (ω2 = 0.48), confirming high sensitivity for the primary comparison.

3.2. Instructional Materials and Equipment
3.2.1. VR Instructional Setup

The VR-based instruction was delivered using a Meta Quest 3 Head-Mounted Display
(HMD) with a 90 Hz refresh rate and an approximate 110-degree Field of View (FOV). The
virtual simulation was custom-developed in Unity (version 2022) to replicate the design,
motion, and operation of a five-axis Computer Numerical Control (CNC) milling machine
used in the Faculty of Engineering’s laboratory. The immersive environment included
spatial audio cues synchronized with the visual content. The VR sessions were conducted
individually 3 m × 3 m physical space, and the Meta Quest Guardian system was enabled
to ensure physical safety. While no formal Cybersickness Questionnaire (SSQ) was adminis-
tered, participants were instructed to report any discomfort immediately. Two participants
reported mild, transient dizziness, which subsided quickly upon removing the HMD; no
participants discontinued the experiment due to discomfort. The environment allowed
users to observe and manipulate machine components, simulating the main axes and tool
movements. Audio instructions and guidance were provided in Romanian, synchronized
with the visual content. The instructor observed the simulation on a monitor in real time,
ensuring that explanations followed the same sequence as in the other instructional formats.

The content language and narration were in Romanian, consistent with the learners’
native language. The VR sessions were conducted individually, as only one headset
was available. Each student interacted with the simulation for approximately 10 min,
accompanied by a trained instructor who used a standardized instructional script.

3.2.2. PowerPoint-Based Instruction

The PowerPoint condition presented the same content as the VR simulation—introducing
the structure, components, and functionality of the five-axis CNC machine—through static
slides containing annotated images and diagrams. The presentation was projected in a
computer laboratory with similar lighting and temperature conditions to the VR room. All
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participants in this group received the instruction simultaneously, with the same instructor
script and timing (~10 min).

3.2.3. Real-Person (Hands-On) Instruction

In the real-person condition, students received in-person instruction in the engineering
laboratory containing the physical five-axis CNC machine. The instructor demonstrated
the equipment using the same sequence and verbal explanations as in the other groups. To
ensure visibility and engagement, students were instructed in groups of five and allowed
to observe and touch the components as they were explained. Each mini-session lasted
approximately 10 min.

All instructors (one per instructional condition) were trained to deliver identical
explanations, following a predefined speech script. Although students were permitted to
ask questions, the content and instructional flow were held constant across methods to
control for instructor bias.

3.3. Measurement Instruments
3.3.1. Knowledge Test

Learning outcomes were assessed using a 20-item multiple-choice knowledge test,
developed specifically for this experiment and administered via Google Forms immediately
after instruction. The test measured comprehension and factual recall of the CNC machine’s
components and functions. Each correct answer was scored as one point, yielding a
maximum score of 20. The test also included demographic classification questions to link
responses with IQ and learning-style data.

The internal consistency of the 20-item test was evaluated on the total sample. Cron-
bach’s alpha was α = 0.84, the variance of item scores was ∑σi

2 = 3.65, while the variance of
the total test score was σT

2 = 23.32, indicating good reliability. Evidence of content validity
rests on the test items being directly derived from the standardized instructional script
and validated by two subject-matter experts (CNC technicians) prior to the experiment.
There was no time limit, and students completed the test individually on their own devices.
Upon submission, the final score was automatically displayed, allowing participants to
see their results immediately. No formal feedback was provided. Some informal com-
ments were recorded: several VR participants reported difficulty concentrating or mild
dizziness, attributing their lower performance to the novelty and perceptual load of the
virtual environment.

3.3.2. Cognitive Ability (IQ)

Cognitive ability was measured using the Standard Progressive Matrices (SPMs)
version of Raven’s Progressive Matrices [8]. The test was administered digitally through
Google Forms. Each participant’s raw score was converted to an IQ value using the
standard Raven norm tables, following the manual’s instructions. The conversion process
ensures scores are normalized relative to the reference population norms, as per the test
manual’s instructions

3.3.3. Learning Styles

Learning preferences were measured with the Honey and Mumford Learning Styles
Questionnaire [9], consisting of 40 self-assessment statements—10 per style category: Ac-
tivist, Reflector, Theorist, and Pragmatist. Participants responded using a dichotomous
format (“agree/disagree”), and each “agree” answer contributed 1 point toward the re-
spective style total. Thus, each learner obtained four style scores (range 0–10 per style).
The questionnaire was completed in Romanian, following the official translated version
used in prior educational research at the institution. Quality checks confirmed the insti-
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tutional translation (used in prior educational research) faithfully preserves the original
questionnaire’s intended meaning, response format, and scoring criteria

3.4. Procedure

Ethical approval for the study protocol (ULBS Ethical Committee—no. 28/12.06.2023)
and informed consent were obtained prior to data collection. Participant data were collected
via Google Forms and stored in an encrypted institutional drive for one year. The primary
data flow involved linking the questionnaire responses (IQ, Learning Styles) and the
performance data (Knowledge Test Score) via a unique, anonymized participant ID created
using the last four digits of the phone number (which was immediately discarded post-
linking). All analyses were conducted on de-identified and anonymized data.

Data collection occurred across two sessions, in November 2024 and January 2025.
The procedure followed these steps:

1. Pre-instruction phase: Participants completed the Raven IQ test and the Honey and
Mumford Learning Styles questionnaire online. These data were used to examine
whether individual differences influenced learning outcomes.

2. Instructional phase: Participants were randomly assigned to one of the three methods
(VR, PowerPoint, or real-person).

• PowerPoint group: received collective instruction in a computer laboratory.
• Real-person group: taught in groups of five in the engineering laboratory with

the physical CNC machine.
• VR group: instructed individually using the Meta Quest 3 headset.

All sessions were standardized to ~10 min, with Romanian-language explanations
following the same verbal script. Students could ask questions during instruction.

3. Assessment phase: Immediately following the instructional phase, all participants
completed the 20-item knowledge test via Google Forms, administered concurrently
for the three groups.

Environmental factors such as lighting, temperature, and noise were kept as consistent
as possible across rooms. Each participant used personal or institutional computers for
completing online questionnaires and the knowledge test.

3.5. Data Analysis

Data were exported from Google Forms to Microsoft Excel and analyzed in Minitab
20 and in Python 3.12 using the pandas, numpy, scipy, and statsmodels libraries. Prior
to the main analysis, the homogeneity of variances was assessed using Levene’s test,
F(2, 103) = 2.14, p = 0.123. The assumption of normality of residuals was checked using the
Shapiro–Wilk test, W = 0.985, p = 0.354. Neither assumption was violated.

3.5.1. Data Preparation

• Responses were screened for completeness and consistency.
• IQ scores were treated as a continuous variable.
• Learning-style scores (Activist, Reflector, Theorist, Pragmatist) were retained as sepa-

rate numeric predictors.
• Knowledge test results were expressed both as raw scores (0–20) and percentages (0–100%).

3.5.2. Statistical Procedures

The following analyses were conducted:

1. Descriptive statistics (mean, standard deviation, 95% CI) for each instructional group.
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2. One-way ANOVA to test differences in knowledge scores among the three instruc-
tional methods.

3. Tukey HSD post hoc comparisons to identify specific group differences.
4. Analysis of Covariance (ANCOVA) with IQ as a covariate to control for individual

cognitive ability.
5. Moderation analysis (Method × IQ interaction) to test whether cognitive ability

affected the relationship between instructional method and performance.
6. Extended regression models including gender and the four learning-style scores to

assess their predictive contribution.

Assumptions of normality and homogeneity of variances were verified using
Shapiro–Wilk and Levene’s tests, respectively. Statistical significance was set at α = 0.05.
Figures and tables were generated in accordance with MDPI data presentation guidelines
(mean ± SD, 95% CI, p values, test statistics).

3.6. Controls and Validity

To ensure experimental control, all participants received identical content, differing
only in presentation medium. The instructors used standardized scripts to minimize
variability, and sessions were conducted under comparable physical conditions. The
random assignment of participants and the inclusion of IQ as a covariate controlled for
pre-existing cognitive differences. The internal consistency of the knowledge test and
learning-style measures was verified prior to analysis.

4. Results
4.1. Participant Characteristics and Data Completeness

A total of 106 participants completed all parts of the study. Data collection took place
during November 2024 and January 2025. All participants provided valid responses for the
knowledge test, Raven IQ, and Honey & Mumford Learning Styles questionnaires. There
were no missing values or exclusions. The final dataset included 35 participants in the VR
group, 35 in the PowerPoint group, and 36 in the Real-person instruction group.

Participants’ gender distribution was 72 females (67.9%) and 34 males (32.1%). The
mean IQ score across the sample was 106.8 (SD = 8.5). No adverse events were reported;
however, three participants in the VR group informally reported temporary dizziness
during headset use.

4.2. Descriptive Statistics

Descriptive statistics for the knowledge test scores across the three instructional meth-
ods are presented in Table 1.

Table 1. Descriptive statistics by method (n, mean, SD, min, max).

Variable Instruction
Method N Mean SE

Mean StDev Minimum Q1 Median Q3 Maximum

Knowledge Test face-to-face 36 17.056 0.502 3.014 7.000 16.000 18.000 19.000 20.000
ppt 35 15.771 0.482 2.850 7.000 15.000 17.000 18.000 19.000
VR 35 10.114 0.591 3.496 3.000 8.000 9.000 14.000 16.000

Table 1 shows that the Real-person instruction group obtained the highest average
score (M = 17.06, SD = 3.01), followed by the PowerPoint group (M = 15.77, SD = 2.85). The
VR group recorded the lowest mean (M = 10.11, SD = 3.50).
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The overall distribution of scores was approximately normal within each group, as
verified by the Shapiro–Wilk test (p > 0.05), and the assumption of homogeneity of variances
was satisfied (Levene’s test, F(2, 103) = 1.62, p = 0.203).

A visual summary of group means with 95% confidence intervals (CIs) is shown in
Figure 1, while the distribution of individual scores is displayed in Figure 2.

Figure 1. Mean knowledge test scores (0–20 scale) with 95% CI by instructional method.

Figure 2. Boxplot of knowledge test scores by instructional method, showing median, interquartile
range, and outliers.

4.3. Primary Analysis: Effect of Instructional Method (RQ1)

An omnibus one-way ANOVA revealed a statistically significant main effect of the
instructional method on immediate knowledge retention score: F(2, 103) = 49.08, p < 0.001.
The effect size was large, with ηp

2 = 0.49 and ω2 = 0.48, indicating that the instructional
method accounted for approximately 48% of the variance in test scores (Table 2).

Table 2. One-way ANOVA (knowledge ~ method).

Index Sum_sq df F PR (>F)

C (method) 962.170 2 49.080 0
Residual 1009.603 103
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Post hoc Tukey HSD tests (Table 3) showed that:

• The VR group scored significantly lower than the PowerPoint group (p < 0.001).
The difference was large: Mean Difference = −5.66 (95% CI: −7.44 to −3.88),
Cohen’s d = 1.81 (95% CI: 1.27 to 2.35).

• The VR group also scored significantly lower than the Real-person group (p < 0.001).
The difference was very large: Mean Difference = −6.95 (95% CI: −8.71 to −5.17),
Cohen’s d = 2.22 (95% CI: 1.64 to 2.79).

Table 3. Tukey HSD pairwise comparisons between methods.

Group 1 Group 2 Meandiff p-Adj Lower Upper Reject

PowerPoint Real Person 1.284 0.2 −0.483 3.052 FALSE
PowerPoint VR −5.657 0 −7.437 −3.877 TRUE
Real Person VR −6.941 0 −8.709 −5.174 TRUE

The difference between the PowerPoint group and the Real-person group was not sta-
tistically significant (p = 0.201). The effect size was small to medium: Mean Difference = 1.28
(95% CI: −0.48 to 3.05), Cohen’s d = 0.41 (95% CI: −0.09 to 0.91).

Thus, mean scores were ordered as: Real-person > PowerPoint > VR. The between-
group difference accounted for 57% of the variance in knowledge test scores (η2 = 0.57).

4.4. Covariate Analysis: Controlling for IQ (RQ4)

An ANCOVA controlling for IQ as a covariate was conducted. Results showed that
the instructional method remained highly significant: F(2, 102) = 49.35, p < 0.001, with
partial eta squared (ηp2) = 0.49 and omega squared (ω2) = 0.44. The covariate, IQ, was also
a significant predictor of performance: F(1, 102) = 16.74, p < 0.001 (Table 4).

Table 4. ANCOVA (method + IQ).

Index Sum_sq df F PR (>F)

C (method) 839.250 2 49.355 0
IQ 142.386 1 16.747 0

Residual 867.217 102

IQ was a significant predictor of knowledge test performance (F(1, 102) = 13.94,
p < 0.001), indicating that participants with higher IQ scores achieved higher test scores
across all instructional conditions.

The adjusted means (controlling for IQ) followed the same pattern as the raw means:

• Real-person: adjusted M = 17.00
• PowerPoint: adjusted M = 15.82
• VR: adjusted M = 10.18

4.5. Moderation Analysis: Method × IQ Interaction (RQ4)

To examine whether cognitive ability moderated the effect of the instructional method,
a Method × IQ interaction term was added to the model. The interaction was not significant
(F(2, 100) = 0.47, p = 0.628; Table 5), indicating that IQ did not differentially influence
performance across instructional methods. The standardized regression coefficient for the
interaction term (Method: PowerPoint × IQ) was β = −0.02 (95% CI: −0.23 to 0.19), and
for the interaction term (Method: VR × IQ) was β = 0.07 (95% CI: −0.15 to 0.29). Both
confidence intervals contained zero, supporting the conclusion that there was no significant
interaction between instructional method and IQ. In other words, higher cognitive ability
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was associated with higher test scores generally, but the magnitude of this relationship was
similar for all three instructional approaches.

Table 5. Moderation test (method × IQ).

Index Sum_sq df F PR (>F)

C (method) 839.250 2 48.840 0
IQ 142.386 1 16.572 0

C (method):IQ 8.040 2 0.468 0.628
Residual 859.177 100

4.6. Gender Effects

An ANCOVA including gender as a between-subjects factor (in addition to method
and IQ) found no main effect of gender on knowledge test scores (F(1, 101) = 0.61, p = 0.435)
and no significant Method × Gender interaction (F(2, 101) = 1.87, p = 0.159) (Table 6).
Female and male students performed comparably across all instructional conditions.

Table 6. ANCOVA with gender (method + IQ + gender; method × gender also inspected).

Index Sum_sq df F PR(>F)

C (method) 838.705 2 49.137 0
C (gender) 5.242 1 0.614 0.435

IQ 137.329 1 16.091 0
Residual 861.975 101

4.7. Learning Style Effects

To assess whether Honey & Mumford learning style preferences (Activist, Reflector,
Theorist, Pragmatist) contributed to knowledge test performance, a multiple regression
including these variables, IQ, gender, and instructional method was estimated.

None of the four learning style dimensions significantly predicted test scores
(all p > 0.20). The addition of these variables increased the explained variance by less
than 2%, and the overall model fit remained unchanged (R2adj = 0.61).

Pairwise Pearson correlations among all continuous variables (knowledge score, IQ,
and learning styles) are presented in Table 7. The only statistically significant correlation
was between knowledge score and IQ (r = 0.367, p < 0.001). No significant relationships
were found between learning style scores and knowledge performance.

Table 7. Pearson correlations among knowledge, IQ, and learning-style totals.

Knowledge_Score iq Activist Reflector Theorist Pragmatist

knowledge_score 1 0.367 0.067 0.003 −0.195 −0.074
iq 0.367 1 −0.094 0.024 −0.021 0.027

Activist 0.067 −0.094 1 −0.403 −0.262 0.182
Reflector 0.003 0.024 −0.403 1 0.464 −0.027
Theorist −0.195 −0.021 −0.262 0.464 1 0.088

Pragmatist −0.074 0.027 0.182 −0.027 0.088 1

4.8. Summary of Findings

The analyses yielded the following key quantitative findings:

1. Instructional method had a significant effect on immediate knowledge retention, with
VR producing lower scores than both PowerPoint and Real-person instruction.
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2. IQ significantly predicted learning performance but did not interact with the instruc-
tional method.

3. Gender and learning-style preferences were not associated with knowledge outcomes.
4. The pattern of group differences remained consistent after adjusting for cognitive ability.

No missing data or violations of statistical assumptions were identified. All findings
are summarized numerically in Tables 1–7 and visually in Figures 1 and 2.

5. Discussion
5.1. Overview of Findings

This study investigated the effectiveness of three instructional modalities—virtual
reality (VR), PowerPoint-based, and real-person instruction—in teaching novice learners
the structure and function of a five-axis CNC machine. The findings demonstrated that the
instructional method had a strong and statistically significant effect on immediate knowl-
edge retention. Participants who received real-person or PowerPoint-based instruction
scored substantially higher on the post-test than those who learned through VR.

While IQ significantly predicted performance across conditions, indicating that higher
cognitive ability was associated with better learning outcomes, there was no interaction
between IQ and instructional method. This suggests that cognitive ability influenced
performance similarly across the three approaches. Additionally, gender and learning-
style preferences (Activist, Reflector, Theorist, Pragmatist) were not significantly related to
learning outcomes.

These findings align with recent empirical work suggesting that VR-based instruc-
tion does not automatically enhance learning and may, under certain conditions, hinder
immediate comprehension when compared with less immersive but cognitively efficient
instructional formats [1,4,6].

5.2. Interpretation Through Cognitive Load Theory

A plausible explanation for the observed performance differences is rooted in Cog-
nitive Load Theory (CLT) [7,16]. According to CLT, learning effectiveness depends on
managing the balance between intrinsic load (complexity inherent to the material), ex-
traneous load (inefficient processing demands), and germane load (resources devoted
to schema construction).

In this study, the content—a mechanical system with multiple axes and components—carried
high intrinsic complexity. The VR environment, while visually rich and interactive, likely
imposed additional extraneous load on participants unfamiliar with immersive systems.
Tasks such as navigating the virtual space, processing three-dimensional stimuli, and
maintaining orientation can consume substantial cognitive resources [17].

The lower mean scores in the VR group support this interpretation: rather than
focusing cognitive resources on understanding the CNC’s principles, participants may
have been occupied with handling the novelty and sensory demands of VR. Consistent
with Parong and Mayer [6], who found that students learning science in immersive VR
reported higher presence but lower test scores, the present findings underscore that visual
immersion does not necessarily translate to better knowledge acquisition.

Furthermore, novice learners—such as the medical students in this study—are espe-
cially prone to overload in highly multimodal environments, as they lack prior schemas to
guide selective attention [25]. For such learners, simplified and well-segmented instruction,
as offered by slides or live demonstrations, appears more conducive to immediate retention.
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5.3. The Role of Presence and Engagement

While not directly measured in this study, presence and engagement are critical
affective mechanisms in immersive learning. Previous research has shown that VR typically
enhances learners’ sense of presence, defined as the subjective experience of “being there”
in the virtual environment [19,20]. However, this affective benefit can coexist with reduced
cognitive performance when presence diverts attention from relevant learning cues [1].

Participants’ informal feedback supported this duality: several VR learners described
being “fascinated” by the simulation or “distracted” by its novelty, indicating that high
presence may have increased attentional capture at the expense of comprehension. Similar
patterns have been observed by Makransky et al. [1] and Albus et al. [5], who found
that while immersive environments elevate motivation and enjoyment, they can impair
retention if cognitive scaffolding is insufficient.

The Cognitive Affective Model of Immersive Learning (CAMIL) [17] provides a suit-
able explanatory framework. CAMIL posits that immersive features enhance affective
engagement (interest, enjoyment) but can simultaneously induce perceptual or cognitive
load, especially in complex technical tasks. The present findings align with this dual-
process model: the VR simulation may have fostered engagement yet increased extraneous
load beyond optimal levels for schema formation.

5.4. Comparison with Traditional Instruction

Both real-person and PowerPoint-based instruction led to superior performance. These
results corroborate studies demonstrating that traditional modalities remain highly effective
when the instructional goal involves declarative or conceptual knowledge [1,22].

The real-person condition yielded the highest average scores, likely due to multi-
sensory realism and social interaction, which facilitate attention, feedback, and spatial
understanding [28,29]. Learners in this group could observe real equipment, ask clarifying
questions, and receive immediate responses—elements known to enhance comprehension
and retention [30].

The PowerPoint condition, though less interactive, provided a clear structure and
visual signaling that likely optimized cognitive processing by reducing extraneous load [31].
This finding supports multimedia learning principles, emphasizing that well-designed
static visuals can outperform dynamic or immersive media when learners are novices or
when material complexity is high [32].

5.5. Individual Differences: IQ and Learning Style

Cognitive ability (IQ) emerged as a significant predictor of performance across all
groups, consistent with prior research linking fluid intelligence to information processing
efficiency [24]. However, the absence of a method × IQ interaction indicates that cognitive
ability influenced outcomes similarly across instructional formats. Thus, while high-IQ
learners performed better overall, they did not benefit disproportionately from immersive
or traditional methods.

This result adds to the limited literature examining individual differences in VR
learning [33,34], suggesting that general cognitive ability predicts learning success but does
not moderate the effect of immersion level under short instructional durations.

Regarding learning styles, none of the four Honey & Mumford dimensions signif-
icantly predicted outcomes. This aligns with decades of empirical work disputing the
predictive validity of learning styles [10,26]. The findings reinforce that instructional design
should be grounded in cognitive principles rather than learner-style matching.
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6. Conclusions and Implications
6.1. Summary of Key Findings

This study examined the comparative effectiveness of Virtual Reality (VR), PowerPoint-
based, and real-person instruction for novice learners in a technical education context.
Using a sample of 106 medical students unfamiliar with CNC technology, we analyzed
immediate knowledge retention as a function of instructional method, cognitive ability
(IQ), gender, and learning style preferences.

The results revealed that the instructional method had a significant and substantial
effect on learning outcomes. Participants who received real-person instruction achieved
the highest test scores, followed by those in the PowerPoint condition, while the VR group
scored significantly lower. IQ was positively associated with performance across all groups,
but it did not interact with the instructional method. Gender and learning-style preferences
showed no significant influence on outcomes.

In addition to the quantitative findings, informal comments made by several partici-
pants during the debriefing provide further context for interpreting the VR group’s lower
performance. Many students described the simulation as “fascinating,” noting the high
visual realism of the CNC model and the strong sense of presence created by the immersive
environment. These reactions often reflected the novelty of using a head-mounted display
and the feeling of “being inside” the virtual workspace. At the same time, some partici-
pants reported that the richness of the visual scene and the need to manage the headset
and controls made the experience “distracting” or cognitively demanding. A few also
mentioned brief moments of disorientation or dizziness. Although these impressions were
anecdotal and not formally collected as data, they align with the theoretical expectation
that immersive environments may simultaneously heighten engagement and increase
extraneous cognitive load, particularly for novice learners encountering complex technical
content for the first time [35].

These results provide robust evidence that VR-based instruction, when used as an iso-
lated method for complex, unfamiliar technical content, may not optimize immediate com-
prehension. Instead, traditional methods—particularly instructor-led demonstrations—remain
superior for short-term conceptual understanding.

6.2. Theoretical Implications

The findings contribute to the growing body of research on immersive learning by
reinforcing the explanatory power of Cognitive Load Theory (CLT) [7,16] and the Cognitive
Affective Model of Immersive Learning (CAMIL) [17].

The observed performance gap between VR and traditional instruction supports the
notion that immersive environments can increase extraneous cognitive load through sen-
sory and navigational demands, especially among novice learners without prior schemas.
Although VR likely enhanced engagement and presence, these benefits did not translate
into better retention, consistent with prior research showing a dissociation between affective
engagement and cognitive performance [1,6].

The study also advances theoretical understanding of individual differences in immer-
sive learning. IQ predicted performance across modalities, confirming that cognitive ability
underpins general learning efficiency [24]. However, its non-significant interaction with
method suggests that VR’s cognitive demands affect learners uniformly, regardless of abil-
ity. The null findings for learning styles provide further empirical support for abandoning
the “matching hypothesis” in instructional design [10].
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6.3. Practical Implications for Educators and Instructional Designers

The results have direct implications for technical and engineering education, where
VR is increasingly employed for training and simulation.

1. Use VR strategically within blended learning.
VR should complement—not replace—traditional instruction. Introducing conceptual
material through guided lectures or multimedia slides before immersive practice may
optimize cognitive load and learning transfer [4,22].

2. Incorporate cognitive scaffolding.
Designers should integrate signaling, pre-training, and segmentation features [32]
into VR simulations to reduce extraneous load. Structured narration and prompts can
direct attention to relevant components.

3. Provide instructor presence and interaction.
Learning in VR benefits from human guidance. Studies show that instructor or peer
presence within virtual environments enhances focus and knowledge construction [30].

4. Address user comfort and acclimation.
First-time VR users may experience cybersickness, disorientation, or attentional fa-
tigue [36]. Implementing short introductory sessions can help learners acclimate
before full immersion.

5. Evaluate long-term and procedural learning.
While VR may not boost short-term factual recall, its potential for skill-based and
procedural learning remains promising [37]. Future courses should assess VR’s impact
on long-term retention and transfer.

6.4. Limitations

Several limitations should be acknowledged. The study focused on immediate post-
instructional performance, not delayed retention or transfer. The novice medical student
sample may not reflect learners with prior technical expertise. Each instructional method
was administered by a different instructor, which, despite using standardized scripts, could
introduce interpersonal variance. Furthermore, presence, cognitive load, and motivation
were inferred but not directly measured.

A critical limitation is the difference in delivery format across conditions. While
content and script were standardized, the delivery format differed: VR was conducted
individually, Real-person instruction was delivered in groups of five in a physical lab,
and PowerPoint instruction was conducted in a computer lab group. These variations in
group size, instructor presence, and environmental context (physical vs. virtual) may have
affected attention and performance independently of the instructional modality, potentially
confounding the observed effect size. Future work should attempt to hold group format
and instructor presence constant, perhaps using identical recorded narration across all
conditions, to isolate the effect of the instructional medium more precisely. Furthermore,
presence, cognitive load, and motivation were inferred but not directly measured. Despite
these constraints, the study’s controlled experimental design, inclusion of IQ and learning-
style variables, and use of objective performance measures strengthen its validity and
generalizability within similar educational contexts

Despite these constraints, the study’s controlled experimental design, inclusion of
IQ and learning-style variables, and use of objective performance measures strengthen its
validity and generalizability within similar educational contexts.

6.5. Recommendations for Future Research

Future investigations should:

• Assess long-term learning and skill transfer following VR exposure.



Appl. Sci. 2025, 15, 12534 16 of 18

• Include direct measures of cognitive load, presence, and motivation to test mediation mechanisms.
• Compare VR-first versus VR-integrated sequences to identify optimal implementation strategies.
• Explore adaptive VR systems that adjust visual complexity or pace to learners’ cogni-

tive profiles.
• Conduct multi-disciplinary replications in engineering, health, and vocational educa-

tion to examine domain-specific effects.

By addressing these gaps, future studies can clarify how immersive technologies best
contribute to knowledge acquisition, retention, and professional competence.

6.6. Final Conclusions

This research provides empirical evidence and theoretical insight into the limitations
of fully immersive VR instruction for complex technical learning among novices. While
VR offers unmatched realism and engagement, these benefits can be offset by increased
cognitive load and reduced attentional focus.

To maximize educational value, VR should be positioned as a supportive, experience-
based complement to structured traditional instruction, integrated within a blended, scaf-
folded pedagogical framework. When carefully designed and implemented, immersive
technologies have the potential to transform technical education from passive observation
into interactive, experiential learning—without compromising cognitive efficiency.
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2. Krajčovič, M.; Gabajová, G.; Matys, M.; Furmannová, B.; Dulina, L’. Virtual Reality as an Immersive Teaching Aid to Enhance the

Connection Between Education and Practice. Sustainability 2022, 14, 9580. [CrossRef]
3. Merchant, Z.; Goetz, E.T.; Cifuentes, L.; Keeney-Kennicutt, W.; Davis, T.J. Effectiveness of Virtual Reality-Based Instruction on

Students’ Learning Outcomes in K–12 and Higher Education: A Meta-Analysis. Comput. Educ. 2014, 70, 29–40. [CrossRef]
4. Radianti, J.; Majchrzak, T.A.; Fromm, J.; Wohlgenannt, I. A Systematic Review of Immersive Virtual Reality Applications for

Higher Education. Comput. Educ. 2020, 147, 103778. [CrossRef]
5. Albus, P.; Vogt, J.; Seufert, T.; Kapp, S. Signaling in Virtual Reality Influences Learning Outcome and Cognitive Load. Comput.

Educ. 2021, 166, 104154. [CrossRef]

https://doi.org/10.1016/j.learninstruc.2017.12.007
https://doi.org/10.3390/su14159580
https://doi.org/10.1016/j.compedu.2013.07.033
https://doi.org/10.1016/j.compedu.2019.103778
https://doi.org/10.1016/j.compedu.2021.104154


Appl. Sci. 2025, 15, 12534 17 of 18

6. Parong, J.; Mayer, R.E. Learning Science in Immersive Virtual Reality. J. Educ. Psychol. 2018, 110, 785. [CrossRef]
7. Sweller, J. Cognitive Load during Problem Solving: Effects on Learning. Cogn. Sci. 1988, 12, 257–285. [CrossRef]
8. Raven, J.; Raven, J.C.; Court, J.H. Manual for Raven’s Progressive Matrices and Vocabulary Scales; Oxford Psychologists Press:

Oxford, UK, 1998.
9. Honey, P.; Mumford, A. The Manual of Learning Styles; Peter Honey: Maidenhead, UK, 1986.
10. Pashler, H.; McDaniel, M.; Rohrer, D.; Bjork, R. Learning Styles: Concepts and Evidence. Psychol. Sci. Public Interest

2008, 9, 105–119. [CrossRef]
11. Dede, C. Immersive Interfaces for Engagement and Learning. Science 2009, 323, 66–69. [CrossRef] [PubMed]
12. Lee, E.A.; Wong, K.W. Learning with Desktop Virtual Reality: Low Spatial Ability Learners Are More Positively Affected. Comput.

Educ. 2014, 79, 49–58. [CrossRef]
13. Pantelidis, P.; Chorti, A.; Papagiouvanni, I.; Paparoidamis, G.; Drosos, C.; Panagiotakopoulos, T.; Lales, G.; Sideris, M. Virtual and

Augmented Reality in Medical Education. Med. Surg. Educ.-Past Present Future 2018, 26, 77–97.
14. Petruse, R.E.; Grecu, V.; Chiliban, M.-B.; Tâlvan, E.-T. Comparative Analysis of Mixed Reality and PowerPoint in Education:

Tailoring Learning Approaches to Cognitive Profiles. Sensors 2024, 24, 5138. [CrossRef]
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