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Abstract
Extended Reality (XR) and Digital Twins (DTs) present promising opportunities for immersive, state-aware procedural 
learning, making them well-suited for step-by-step instructional tasks. Their ability to simulate real-world contexts aligns 
closely with experiential learning principles, which emphasize active engagement, reflection, and learning by doing in 
authentic environments. Building on this potential, our prior work introduced a DT-driven XR framework for learning pro-
cedural Rubik’s Cube notations, comparing three instructional modalities— a baseline visual static information condition 
with physical cube manipulation (M1), in-situ visual overlays with physical cube manipulation (M2), and in-situ visual 
overlays with virtual-then-physical cube manipulation (M3). However, the potential of multimodal guidance remained 
underexplored. This study extends the previous work by introducing and evaluating a fourth instructional modality, namely 
voice-augmented visual guidance (M4), which synchronizes auditory narration with in-situ visual overlays during physical 
cube manipulation. We assessed all four modalities across two post-training phases using task accuracy, completion time, 
and intra-action pause duration, alongside global measures of usability, acceptance, and cognitive effort. In the evaluated 
setting, M4 did not yield statistically significant differences relative to the other modalities (M1–M3), but achieved com-
parable performance and user-experience outcomes without additional cognitive or usability costs. These results delineate 
boundary conditions for multimodal instruction in this context and suggest that voice augmentation is best viewed as a 
complementary design element rather than an inherently performance-enhancing mechanism.

Keywords  Extended reality · Digital twins · Procedural training · Experiential learning · Multimodal instruction · 
Guidance modalities · Voice-augmented guidance
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their actions, and receive timely, context-aware feed-
back  (Linn and Eylon 2011; De Jong and Van Joolingen 
1998). Kolb’s Experiential Learning (EL) theory  (Kolb 
2014) provides a foundational framework for this process, 
emphasizing a four-stage cycle: concrete experience, reflec-
tive observation, abstract conceptualization, and active 
experimentation.

In both academic and industrial settings, Extended Real-
ity (XR) systems are well aligned with the principles of EL, 
providing immersive and interactive environments that fos-
ter learner engagement, enable personalized instructional 
delivery, and promote effective skill acquisition (Hajahmadi 
et al. 2025; Stanescu et al. 2023; Hamidani et al. 2025). A 
major advancement in this space is the integration of Digital 
Twins (DTs)—real-time, interactive digital counterparts of 
physical objects that reflect their state, behavior, and con-
text. DTs support bidirectional synchronization between 
virtual and physical domains, empowering learners with 

1  Introduction

Procedural skills–spanning industrial assembly, symbolic 
manipulation, and everyday routines—benefit significantly 
from step-by-step guidance embedded within the task envi-
ronment  (Funk et al. 2018; Ockerman and Pritchett 2000; 
Nouri et  al. 2020). Procedural learning is most effective 
when learners engage physically with the task, reflect on 
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immediate, state-sensitive feedback  (Qi and Tao 2018). 
When embedded within XR environments, DTs enhance 
spatial interaction with contextual intelligence, fostering 
personalized and adaptive learning scenarios  (Hajahmadi 
et  al. 2024). Educational studies have demonstrated that 
such DT-augmented XR systems can improve knowledge 
transfer, boost learner confidence, and accommodate self-
paced exploration (David et al. 2018; Nikolaev et al. 2018).

Although XR-DT systems have demonstrated strong 
potential in sectors such as manufacturing, healthcare, and 
entertainment  (Zhu et al. 2019; Qiu et al. 2019; Shi et al. 
2022; Aditya Shastry and Mohan 2024), their use in edu-
cational contexts—especially for sequential, multimodal 
instruction—remains limited (Hajahmadi et al. 2024). This 
is notable given their alignment with EL principles, yet 
many current implementations lack the scaffolding needed 
to effectively guide learners through complex procedural 
tasks (Radianti et al. 2020; Makransky et al. 2019). Further-
more, although DT-powered XR systems frequently enable 
embodied interactions (e.g., gesture recognition or physi-
cal manipulation), the instructional content in many such 
systems still relies predominantly on the visual modality 
(Hajahmadi et al. 2024; Tang et al. 2003; Lee et al. 2019). 
As task complexity increases, this over-reliance can lead to 
visual overload, impeding learners’ ability to attend to and 
integrate instructional information efficiently (Sweller 2011; 
Mayer and Moreno 2003; Sweller 1994; Kalyuga et al. 1999; 
Makransky and Petersen 2021; Mayer et al. 2003). Accord-
ingly, researchers have increasingly explored multimodal 
instructional strategies that distribute cognitive demands 
across multiple perceptual channels to optimize informa-
tion processing in complex learning tasks. This approach 
is informed by Multimedia Learning Theory, which posits 
that meaningful learning occurs when individuals actively 
process information through two distinct but complemen-
tary channels—visual/pictorial and auditory/verbal (Mayer 
2002). Empirical findings in XR environments support this 
claim, demonstrating that synchronously presented voice 
and visual guidance can improve procedural accuracy while 
mitigating cognitive load (Doolittle et al. 2005; Ando and 
Ueno 2008). Nonetheless, further empirical investigation 
is needed to clarify how distinct multimodal instructional 
strategies affect learning outcomes across varied procedural 
domains—especially those that demand symbolic reason-
ing and spatial transformation, where cognitive integration 
is particularly challenging. Procedural tasks that combine 
these elements provide a rich context for such exploration. 
The Rubik’s Cube serves as an ideal case study: its solution 
requires understanding a standardized notation system and 
executing spatially oriented algorithmic sequences (Moha-
ghegh and McCauley 2016; Agostinelli et al. 2021).

Building on this context, our prior work  (Hajahmadi 
et al. 2024), introduced a DT-based XR system for teach-
ing Rubik’s Cube notation and empirically compared three 
instructional modalities: (i) a baseline condition featur-
ing visual static informational instructions with physical 
manipulation (M1), (ii) in-situ visual overlays with physi-
cal manipulation (M2), and (iii) in-situ visual overlays fol-
lowed by virtual-then-physical manipulation (M3). The 
results demonstrated that both M2 and M3 significantly 
enhanced task accuracy compared to the baseline modality 
(M1). Descriptively, M1 was associated with higher per-
ceived task difficulty across both assessment phases, with 
significant differences emerging only in the second phase. 
Importantly, all modalities achieved acceptable levels of 
user experience and acceptance, underscoring their over-
all usability and practical applicability. However, all three 
modalities relied exclusively on visual guidance. This reli-
ance can challenge learners’ ability to efficiently process 
information, especially when coordinating spatial instruc-
tions with physical manipulation.

To extend this prior work, the present study introduces a 
fourth instructional modality: (iv) voice-augmented in-situ 
visual guidance (M4). This modality synchronizes auditory 
narration with spatial visual cues during physical manipu-
lation. This approach is designed to support dual-channel 
learning for more efficient cognitive processing  (Mayer 
and Moreno 2003; Mayer et al. 2003; Mayer 2002; Sweller 
1994). Rather than redundantly vocalizing all visual con-
tent, the narration selectively emphasizes critical infor-
mation such as object orientation, rotation direction, and 
contextual task feedback.

The primary contribution of this work is a systematic 
investigation of how voice-augmented, state-aware XR-DT-
based guidance (M4) influences procedural learning out-
comes compared to M1–M3. Specifically, we contribute: (a) 
the design and implementation of M4 as voice-augmented, 
state-aware multimodal instructional technique grounded 
in Multimedia Learning Theory; (b) a unified experimen-
tal framework for comparing four XR-DT-based modali-
ties on a complex procedural task (Learning Rubik’s Cube 
notations); (c) Empirically grounded design insights from 
a controlled XR–DT procedural learning study, indicating 
that voice augmentation in this setting is best understood 
as a complementary design option–supporting redundancy, 
disambiguation, and robustness–rather than as a universally 
performance-enhancing mechanism.

In particular, in this paper, we seek answers to the follow-
ing Research Questions (RQs):
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RQ1:  Does M4 improve task accuracy, speed, and fluency 
over other instructional modalities?

RQ2:  Does M4 reduce cognitive effort compared to the 
other instructional modalities?

RQ3:  Is M4 perceived as more usable and acceptable than 
the other modalities?

The remainder of the paper is structured as follows: Sect. 2 
reviews the relevant literature. Section  3 describes the 
apparatus, system architecture, and instructional modali-
ties. Section 4 outlines the experimental design, participant 
procedures, and evaluation metrics. Section 5 presents the 
quantitative and qualitative results. Section 6 discusses the 
implications of these results. Section 7 addresses the study’s 
limitations and directions for future work. Finally, Sect. 8 
concludes the paper.

2  Related work

Prior work on XR-based procedural training has predomi-
nantly relied on visual guidance as the primary instructional 
channel (Hajahmadi et  al. 2024; Lee et  al. 2019). Across 
a wide range of systems, guidance is delivered through 
static panels, spatial annotations, arrows, bounding boxes, 
and animated in-situ overlays aligned with task-relevant 
objects (Lee et al. 2019; Henderson and Feiner 2009). These 
approaches are widely adopted because they effectively 
convey spatial relationships and reduce ambiguity during 
step-by-step task execution.

Within this visual paradigm, comparative studies show 
that guidance effectiveness is task-dependent and sensitive 
to instructional design. For example, Lee et al. (2019) dem-
onstrated that simple spatial annotations outperform avatar-
based demonstrations in low-complexity tasks, whereas 
animated visual guidance yields advantages in more cog-
nitively demanding sequences. Similar effects have been 
reported in assembly and machine-operation contexts, 
where the form, timing, and visual salience of cues critically 
influence performance and learning outcomes  (Tang et al. 
2003; Bork et al. 2018).

However, much of this evidence derives from XR sys-
tems that do not incorporate DTs, delivering guidance with-
out a persistent, state-synchronized digital replica of the 
physical artifact. In the absence of such representations, 
these systems are limited in their ability to reason over task 
state or maintain continuous physical–digital alignment, 
constraining the generalizability of prior findings to XR–DT 
scenarios that require bidirectional coupling. More recent 
work has begun embedding XR guidance into real-world 

contexts (Stanescu et al. 2023; Yamaguchi et al. 2020; Zhu 
et  al. 2019; Qiu et  al. 2019)–for example through video-
annotated assembly tutorials  (Yamaguchi et  al. 2020) and 
object-tracking–based, state-aware prompts (Stanescu et al. 
2023)–yet these approaches still fall short of full DT archi-
tectures with persistent, bidirectional synchronization.

Despite these advances, visual guidance remains domi-
nant, while auditory guidance is comparatively underex-
plored in immersive procedural training. When audio is 
employed, it is typically used in indirect roles rather than 
as a primary instructional channel. Prior work on voice-
based interaction has largely focused on conversational 
agents, dialogue-driven task assistance, or motivational 
scaffolding, where speech supports engagement, reflection, 
and mixed-initiative interaction rather than tightly struc-
tured, step-by-step procedural instruction. For example, 
recent mixed reality studies have investigated voice-only 
and embodied conversational virtual agents as a means of 
supporting puzzle-solving tasks, emphasizing dialogue and 
agent embodiment rather than temporally aligned proce-
dural narration (Hajahmadi et al. 2025). Furthermore, Ren 
et al. (2025) incorporated audio into an AR-based Rubik’s 
Cube tutoring system primarily as reinforcement during 
model tracing, while all core instruction and procedural 
guidance remained visual. Similarly, dialogue-based task 
assistants (Arakawa et al. 2025; Hajahmadi et al. 2025) rely 
on opportunistic, mixed-initiative dialogue to answer que-
ries or issue reminders, rather than delivering temporally 
aligned verbal narration during action execution. While mul-
timodal instruction has shown benefits in adjacent contexts 
such as remote hands-on skill learning (Jiang et al. 2025), 
this line of work primarily targets remote or mediated learn-
ing scenarios and does not explicitly investigate temporally 
aligned, state-aware voice guidance integrated with XR–DT 
systems during embodied physical manipulation.

Taken together, prior research reveals two key gaps in 
XR-based procedural training. First, much of the exist-
ing evidence on multimodal instruction derives from XR 
systems that do not incorporate DTs, delivering guidance 
without a persistent, state-synchronized digital replica of 
the physical artifact. Second, even within XR–DT systems, 
there is limited empirical work on instructional modali-
ties that combine in-situ visual overlays with temporally 
aligned, task-state–dependent voice narration during physi-
cal manipulation. To address these gaps, the present study 
introduces and evaluates a voice-augmented visual guid-
ance modality (M4) that integrates synchronized auditory 
narration with visual XR–DT cues to support dual-channel 
instruction grounded in real-time task progression.
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3  Materials and methods

This section details the system architecture and the four 
instructional modalities supported by the platform. The 
section also describes the experimental apparatus used to 
implement and assess these modalities.

3.1  System architecture

The system follows a Model-View-Controller (MVC) 
architecture. This separation supports modularity, state-
awareness, and flexibility in adapting different instructional 
modalities (Krasner et al. 1988; Leff and Rayfield 2001).

An overview of the architecture is illustrated in Fig. 1.
The platform supports four XR-based instructional 

modalities (M1–M4). These modalities collectively con-
stitute the View layer of the system, acting as the primary 
interface through which users engage with the Rubik’s Cube 
training environment. Each modality operates in conjunction 
with a Rubik’s Cube Digital Twin. As detailed in Sect. 3.2, 
each modality was systematically designed to explore how 
varying levels of multimodal support influence procedural 
learning outcomes, cognitive load, and user experience.

The Controller layer orchestrates the flow of information 
between user inputs and system logic, acting as the interme-
diary between the View and Model layers. It is composed 
of three core components: the WebSocket Middleware, the 
Physical Cube Manager, and the Virtual Cube Manager. The 
WebSocket Middleware receives real-time sensor data via 
Bluetooth from the smart Physical Rubik’s Cube, parses this 
input, and forwards it to the Physical Cube Manager. This 
manager is responsible for interpreting the input and updat-
ing the internal system state accordingly. In parallel, the 

Virtual Cube Manager processes digital commands originat-
ing from the instructional modalities, ensuring bidirectional 
synchronization between the virtual and physical represen-
tations of the cube.

The Model layer encapsulates the system’s internal logic, 
state representations, and task progression structure. Central 
to this layer is a state-aware synchronization mechanism that 
ensures real-time consistency between the physical Rubik’s 
Cube and its digital twin. This functionality is enabled 
through the Rubik’s Cube Engine, which, although coor-
dinated via the Controller layer, operates on the Model’s 
structured data to interpret state changes and manage pro-
gression logic. The internal task structure is defined within a 
hierarchical, JSON-based State Space Data Structure, which 
represents the learning task as a sequence of phases, each 
composed of ordered instructional steps. The Virtual and 
Physical State Synchronization module maintains coher-
ence between both representations and coordinates the 
delivery of next-step logic as users progress.

At runtime, the system follows an event-driven state 
update cycle. When a user performs a rotation on the physi-
cal Rubik’s Cube, sensor data are transmitted via Bluetooth 
to the WebSocket Middleware and forwarded to the Physi-
cal Cube Manager. The Controller updates the shared task 
state in the Model layer through the Rubik’s Cube Engine 
and State Space Data Structure. This updated state is prop-
agated to the Virtual Cube Manager to maintain real-time 
synchronization between the physical cube and its digital 
twin. Based on the current task state, the active instructional 
modality (View layer) renders the corresponding visual 
guidance and feedback. In the voice-augmented modality 
(M4), task-state transitions additionally trigger the playback 
of pre-synthesized audio cues associated with the current 

Fig. 1  System architecture of the XR-DT training framework for Rubik’s Cube instruction, structured following a model-view-controller (MVC) 
design pattern. For detailed descriptions about Instructional modalities (M1–M4), see Sect. 3.2
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instructional step, ensuring temporal alignment between 
narration, visual overlays, and user actions. All state transi-
tions and interactions are continuously recorded by the Log 
Database.

3.2  Instructional modalities

Our system implements four instructional modalities—M1, 
M2, M3, and M4—each offering a distinct form of guid-
ance while operating within a shared interaction framework. 
While M1–M3 were previously evaluated (Hajahmadi et al. 
2024), M4—featuring voice-augmented visual guidance—
was newly developed for this study. Despite differences 
in augmentation and interaction mechanics, each modal-
ity presents identical instructional content using four yel-
low virtual panels (see Fig.  2, panel  (a) for an example), 
positioned near to a movable virtual table that displays the 
Rubik’s Cube DT. Users can reposition the table by drag-
ging a white sphere, and the interface includes a menu with 
modality-specific options. Instructions are consistently 
structured as a triplet<Position of the White Face (PWF), 
Color Face in Front (CFF), Sequence of Rotations (SQR)>. 
This format follows established conventions in Rubik’s 
Cube learning algorithms  (Steinparz et  al. 2019; Mathis 
et al. 2020). PWF is displayed in the top-right panel, CFF 
and step information in the central panel, and the SQR in 
a bar below. The top-left panel displays the current cube 
status. The SQR updates with each move: a correct move 

removes the leftmost instruction, while errors generate a 
new sequence to guide correction.

The system includes an optional “Show Hands” feature 
(see Fig. 2, panel (b)), which can be activated or deactivated 
via the interface menu, and renders a virtual representation 
of the user’s hands to support interaction with the virtual 
Rubik’s Cube and its Digital Twin. This feature is intended 
solely to improve interaction precision (e.g., grasping and 
rotating the virtual cube) and does not provide instructional 
cues, guidance, or feedback. The option was available uni-
formly to all participants across all instructional modali-
ties (M1–M4) and was not manipulated as an experimental 
factor. Participants could choose to enable or disable the 
virtual hand representation during interaction based on per-
sonal comfort or precision needs. As such, “Show Hands” 
was treated as a shared interaction aid and not as part of the 
instructional design under investigation.

In the following, we present a concise overview of the 
four instructional modalities and highlight their distinctive 
features.

3.2.1  Visual static guidance modality (M1)

The M1 modality (see Fig. 3) serves as the baseline condi-
tion, providing visual static instructions displayed on a sep-
arate panel to the side of the virtual table. No in situ-visual 
overlays or auditory augmentation are included. The user 
manipulates only the physical cube, while the Digital Twin 

(a) User interaction (b) 2D static instructional panel

Fig. 3  M1—visual static guidance. 
a User interaction with 2D panel-
based instructional guidance while 
manipulating the physical Rubik’s 
Cube. b Close-up view of the 2D 
static instructional panel used to 
present step-by-step guidance

 

(a) Instructional panels (b) Virtual hand visualization

Fig. 2  a Instructional panel 
structure used across all modali-
ties. Guidance is organized into 
three components: the Position of 
the white face (PWF), the color 
face in front with step informa-
tion (CFF), and the sequence of 
rotations (SQR). b Optional virtual 
hand visualization (“Show Hands”) 
activated via the interface menu 
to support interaction with the 
Rubik’s Cube digital twin
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mirrors these actions in real time. The system provides basic 
visual correctness indicators: after each action, the virtual 
cube displays a colored border—green for correct, red for 
incorrect (see Fig. 4)—accompanied by a brief textual mes-
sage. This modality closely resembles a traditional paper-
based tutorial, requiring learners to mentally translate the 
static visual instructions into physical movements.

3.2.2  In-situ visual guidance modality (M2)

The M2 modality (see Fig. 5) extends the baseline by incor-
porating state-aware visual overlays directly onto the virtual 
Rubik’s Cube. These include green directional arrows to 
indicate the correct orientation of the white face, and bound-
ing boxes to highlight the target colored face. In addition, a 
replay button allows users to view the animated movements 
on the virtual cube as many times as needed. As in M1, this 
modality also includes visual correctness feedback using 
colored borders (green/red) and short textual confirmation. 
This modality is designed to support spatial learning by 
embedding instructional cues that are dynamically aligned 
with the cube’s state.

3.2.3  In-situ visual with dual manipulation modality (M3)

M3 (see Fig. 6) extends the functionality of M2 by incorpo-
rating sequential interaction with both the virtual and physi-
cal Rubik’s Cubes. In this modality, users are first required 
to perform the rotation sequence on the digital twin, guided 
by the same spatial visual overlays used in M2—such as 
bounding boxes—along with an additional directional arrow 
that explicitly indicates the required rotation direction. Once 
the sequence is completed in the virtual environment, users 
are then prompted to replicate the same sequence on the 
physical cube, this time without instructional overlays. This 
two-stage design introduces a meaningful embodied com-
ponent: users physically enact learned movements first in 
a controlled, feedback-rich virtual context, and then apply 
them in the real world through unaided manipulation. As 
with previous modalities, M3 includes real-time visual feed-
back (green/red borders and textual messages) during both 
the virtual and physical phases. By requiring reenactment 
without cues, M3 encourages sensorimotor encoding and 
potentially facilitates active transfer of procedural knowl-
edge from virtual to physical performance  (Wallet et  al. 
2008; Tirp et al. 2015).

(a) In-situ visual guidance (b) Replay cue

Fig. 5  M2–in-situ visual guidance. 
a Visual overlays anchored to the 
virtual Rubik’s Cube, including 
directional arrows and bounding 
cues to guide physical manipu-
lation. b Replay cue interface, 
showing the button used to trigger 
animated demonstrations of the 
required movements

 

(a) Correct action feedback (b) Incorrect action feedback

Fig. 4  Action feedback presented 
during task execution. a Correct 
action feedback, indicated by a 
green border. b Incorrect action 
feedback, indicated by a red 
border and the corresponding error 
message. Feedback is delivered 
consistently across instructional 
modalities
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3.2.4  In-situ visual with voice-augmented modality (M4)

M4 (see Fig. 7) builds upon M2 by incorporating synchro-
nized voice narration to provide multimodal support, while 
users continue interacting solely with the physical cube. 
Voice cues are selectively applied to instructional content 
presented on the yellow virtual panels. Rather than narrating 
all on-screen text, the system focuses on verbally reinforc-
ing spatially and procedurally critical information—specifi-
cally: whether the white face should be positioned on top 
or bottom, which face should be positioned in front, and 
the rotation notations along with their corresponding direc-
tions (e.g., “clockwise” or “counterclockwise”) when the 
user activates the replay button to review the step anima-
tion. This modality uniquely provides audio feedback on 
performance: when users manipulate the cube, the system 
announces whether the action was “Correct” or “Incorrect,” 
in addition to showing visual border highlights and textual 
confirmation. This multimodal guidance approach supports 
dual-channel processing, aiming to improve instructional 

clarity and performance, especially during complex step 
sequences.

3.3  Apparatus

The XR Rubik’s Cube training application was built in 
Unity (v2021.3.15f1) and deployed on a Varjo XR-3 head-
set, selected for its immersive visuals and photorealistic ren-
dering—critical features in XR learning (Balakrishnan et al. 
2012; Ke et  al. 2016). Hand interactions were supported 
via the UltraLeap SDK for real-time gesture tracking. A 
Python-based WebSocket server (v3.8) managed Bluetooth 
4.0 communication with the Giiker Super Cube I3Se using 
the bleak library, enabling synchronization between the 
virtual and physical cube. All auditory narration used in the 
M4 modality was synthesized offline using the open-source 
Coqui TTS engine (XTTS v2), which supports multilingual, 
speaker-adaptive voice cloning. A reference recording of a 
naturally speaking voice was used to generate expressive, 
personalized speech. Instructional prompts were pre-scripted 
and synthesized into high-quality .wav files, which were 

Fig. 7  M4—In-situ visual guidance 
with voice augmentation. The 
visual interface is identical to M2 
and consists of in-situ overlays and 
instructional panels

 

(a) Virtual manipulation phase (b) Physical reenactment

Fig. 6  M3–In-situ visual with 
dual manipulation. Representative 
screenshots illustrating the two-
stage interaction flow: a a guided 
virtual manipulation phase using 
in-situ visual overlays on the digi-
tal twin, followed by b physical 
reenactment of the same movement 
sequence on the real Rubik’s Cube 
without instructional overlays
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then triggered within Unity through event-based scripting. 
Each audio clip was temporally aligned with its correspond-
ing instructional step to ensure precise and synchronized 
auditory guidance. Pre- and post-experience questionnaires 
were administered via Google Forms. All experimental ses-
sions were conducted on an XR-capable Alienware Aurora 
R15 (Intel Core i7, 16  GB RAM, 512  GB + 1  TB SSD, 
NVIDIA GeForce RTX 4080).

4  Experimental methods

A between-subjects design was employed to evaluate four 
distinct guidance modalities (M1–M4). This section out-
lines the methodological framework of the study.

4.1  Participants

Sixty volunteers (23 female, 37 male; age range 20–39 
years, M = 26.77, SD = 4.57) were recruited from the uni-
versity community. In the first recruitment wave, 45 partici-
pants were randomly assigned with equal allocation (1:1:1) 
to the three instructional modalities M1–M3 (n = 15 each) 
using a computer-generated randomization list. Following 
the introduction of the voice-augmented modality, a second 
recruitment wave enrolled an additional 15 participants, 
who were assigned to the newly added M4 condition (n = 
15). Mean age was comparable across conditions, ranging 
from 25.33 years (SD = 4.30) in M4 to 28.53 years (SD 

= 3.42) in M3. Gender distribution varied across modali-
ties, with M2 and M3 including a higher proportion of male 
participants, while M1 and M4 were more balanced. Across 
all conditions, prior experience with XR technologies was 
generally limited. Most participants reported no or low prior 
experience with head-mounted displays, and experience 
with the Varjo XR-3 headset was minimal across all modali-
ties. Similarly, Rubik’s Cube experience was predominantly 
low to moderate. Overall, while some variability in gender 
distribution and prior experience is evident, no modality is 
characterized by a concentration of highly experienced XR 
or Rubik’s Cube users, and participant profiles are broadly 
comparable across conditions (see Table 1). Potential cohort 
effects associated with the two-wave recruitment strategy 
are therefore acknowledged as a study limitation (Sect. 7).

This research was approved by the University of Bologna 
Ethics Committee (Approval number 0159749) on June 23, 
2022. The study adhered to all relevant ethical guidelines, 
and informed consent was obtained from all participants 
prior to their involvement.

4.2  Procedure

The experimental procedure began with participants pro-
viding informed consent in accordance with the university’s 
ethics protocol. Subsequently, each participant completed 
a pre-experience questionnaire collecting demographic 
information, prior exposure to XR technologies, and their 
familiarity with—and interest in—learning Rubik’s Cube 
notation.

Each participant then entered a modality-specific famil-
iarization phase, during which they were introduced to the 
XR headset and the corresponding instructional interface. 
To ensure consistent exposure across all conditions, partici-
pants practiced a standardized sequence of four cube rota-
tions while interacting with the visual guidance unique to 
their assigned modality.

The main learning phase then started: a user exploited 
the modality-dependent guidance to perform random but 
deterministic sequential instructions. In such a sequence, 
each rotation (clockwise and counter-clockwise) appeared 
at least twice, to guarantee a balanced stimulus.

An Assessment Phase (AP), identical for all participants 
and modalities, followed the learning phase. The AP com-
prised two assessment stages of increasing difficulty: the 
first included 5 instructions (AP-1), and the second included 
10 instructions (AP-2) (see Fig. 8). This design was moti-
vated by theories of cognitive load, working memory capac-
ity, and explicit sequence learning (Sweller 1994; Pyc and 
Rawson 2009). The 15 moves were uniformly and determin-
istically sampled from all the possible Rubik’s Cube rota-
tions. During each phase, participants were asked to execute 

Table 1  Participant demographics and prior experience by instruc-
tional modality
Measure M1 M2 M3 M4
Participants (n) 15 15 15 15
Age (M ± SD) 26.2 ± 

4.57
27 ± 
5.58

28.53 
± 3.42

25.33 
± 4.3

Female (n) 9 4 2 8
Male (n) 6 11 12 7
Prefer not to say (n) 0 0 1 0
No HMD experience 7 2 9 9
Low HMD experience 3 3 1 1
Neutral HMD experience 3 3 0 3
Some HMD experience 2 4 4 0
High HMD experience 0 3 1 2
No Varjo XR-3 experience 14 8 14 14
Low Varjo XR-3 experience 0 2 0 1
Neutral Varjo XR-3 experience 0 4 1 0
Some Varjo XR-3 experience 1 1 0 0
High Varjo XR-3 experience 0 0 0 0
No Rubik’s Cube experience 2 4 3 1
Low Rubik’s Cube experience 5 4 6 7
Neutral Rubik’s Cube experience 5 3 2 2
Some Rubik’s Cube experience 3 4 4 5
High Rubik’s Cube experience 0 0 0 0
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the instructed sequence of moves presented on static yel-
low panels. All virtual cube overlays and visual guidance 
were removed during the Assessment Phase, requiring par-
ticipants to rely entirely on internalized knowledge and spa-
tial memory to complete the task. As later confirmed in the 
results (see Sect. 5.2), participants perceived the two assess-
ment phases as significantly different in difficulty, validating 
the intended manipulation.

Following the AP, participants completed a post-experi-
ment questionnaire comprising standardized scales.

4.3  Metrics

To capture multiple dimensions of user performance and 
experience, the study employed a combination of objective 
behavioral metrics and subjective self-report measures.

4.3.1  Objective behavioral metrics

Objective performance during the assessment phases was 
evaluated using three core behavioral measures. First, task 
accuracy (TA), defined as the number of correctly executed 
cube rotations per sequence, served as the indicator of pro-
cedural correctness in this precision-based task (Martin and 
Pear 2019). Second, task completion time (TCT) recorded the 
total time, in seconds, required to complete each sequence, 
offering insight into temporal efficiency  (Proctor and Van 
Zandt 2018; MacKenzie 1992; Tang et al. 2003). In addi-
tion to outcome-based performance metrics, we included 
a process-oriented measure—intra-action pause duration 
(IAPD)—which captures the time a participant remains 
inactive between successive cube rotations. This behav-
ioral indicator is commonly employed in Human Computer 
Interaction (HCI) and procedural learning research to reflect 
real-time cognitive effort, planning behavior, and strategy 
adjustment (Lee et al. 2020; Lacruz et al. 2012)

4.3.2  Subjective experience measures

Participants’ general subjective evaluations were captured 
using standardized post-modality questionnaires. Perceived 
usability was assessed using the System Usability Scale 
(SUS)  (Brooke et  al. 1996), a widely validated 10-item 
instrument rated on a 5-point Likert scale. Technology 
acceptance was assessed using a customized subset of the 
Technology Acceptance Model (TAM) (Davis et al. 1989), 
focusing on the Perceived Usefulness (PU) and Perceived 
Ease of Use (PEOU) constructs. No new items were intro-
duced; all items were adapted from the original TAM and are 
reported in full in the Supplementary Material. Perceived 
mental workload was measured using the raw (unweighted) 
NASA Task Load Index (NASA-TLX) (Hart and Staveland 
1988); to reduce participant burden in the immersive XR 
setting, each of the six workload dimensions was rated on a 
10-point numeric scale (1 = very low, 10 = very high), and 
scores are reported per dimension, with overall workload 
computed as the unweighted mean. To evaluate perceived 
task difficulty during the two post-training assessment 
phases, participants provided phase-specific difficulty rat-
ings. Assessment Phase Perceived Difficulty (APPD) was 
operationalized as two single-item measures, one for each 
assessment stage (APPD-1 for AP-1 and APPD-2 for AP-2), 
rated on a 5-point Likert scale ranging from 1 (“Very easy”) 
to 5 (“Very difficult”). These single-item ratings were 
included as lightweight, phase-specific subjective indica-
tors to complement standardized multi-item measures (e.g., 
NASA-TLX), rather than as standalone validated difficulty 
scales. The exact wording of the two APPD items is reported 
in the Supplementary Material.

Finally, using a think-aloud approach, we gathered user 
feedback on each modality.

5  Results

This section reports the results structured around RQ1–RQ3.

(a) Assessment Phase 1
(5-step sequence)

(b) Assessment Phase 2
(10-step sequence)

Fig. 8  Visual representation of the 
two assessment phase stages used 
for evaluation. Assessment phase 
1 (AP1) involved a five-move 
sequence, while assessment phase 
2 (AP2) increased task complexity 
with a ten-move sequence
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5.1  Task performance outcomes

To evaluate performance across the four modalities, we 
analyzed three metrics: task accuracy, task completion time, 
and intra-action pause duration.

5.1.1  Task accuracy (TA)

Accuracy was defined as the number of correctly executed 
cube rotations in each assessment sequence, with maximum 
scores of 5 in Assessment 1 and 10 in Assessment 2.

As shown in Fig. 9 and Table 2, descriptive differences 
in task accuracy were observed across instructional modali-
ties. In Assessment 1, M3 yielded the lowest mean accuracy 
(M = 2.53, SD = 1.60), whereas M4 exhibited the highest 
mean accuracy (M = 3.67, SD = 1.45). In Assessment 2, 
M4 again showed the highest mean accuracy (M = 7.53, 
SD = 2.29).

Shapiro–Wilk tests indicated violations of normality 
across most conditions; therefore, non-parametric Kruskal–
Wallis tests were applied. No statistically significant effects 
of instructional modality on task accuracy were found in 
either assessment phase (Assessment 1: H = 4.48, p = 0.21
; Assessment 2: H = 1.80, p = 0.61). Accordingly, no post-
hoc pairwise comparisons were conducted.

5.1.2  Task completion time (TCT)

Completion time was defined as the total duration (in sec-
onds) taken by participants to complete each assessment 
sequence.

As shown in Fig. 10 and Table 2, in Assessment 1, M4 
(M = 44.27, SD = 17.3) had the shortest mean comple-
tion time (fastest), while M1 (M = 78.87, SD = 47.05) 
was the slowest. In Assessment 2, M2 achieved the fastest 
average time (M = 55.4, SD = 18.19), whereas M1 was 
the slowest (M = 70.6, SD = 49.34). Shapiro-Wilk tests 
revealed violations of normality in several conditions. Con-
sequently, non-parametric Kruskal-Wallis tests were used 
to assess group differences. No statistically significant dif-
ferences in completion time were found across modalities 
for either assessment (Assessment 1: H = 6.97, p = 0.07; 
Assessment 2: H = 0.83, p = 0.84).

5.1.3  Intra-action pause duration (IAPD)

Intra-action pause duration (IAPD) was defined as the time, 
measured in seconds, that a participant remained inactive 
between two consecutive cube rotations during the assess-
ment sequences. Fig.  11 shows the mean pause durations 
recorded at each individual step across all instructional 
modalities. In Assessment 1, Step 1 consistently exhibited 
the highest pause durations across modalities, with peak val-
ues of 35.7 s for M2 and 35.2 s for M3. A general decreas-
ing trend in pause durations was observed as the sequences 

Table 2  Task performance across modalities in terms of correct moves and completion times (mean and standard deviation)
M1 M2 M3 M4 p-value

 Metric Phase M (SD) M (SD) M (SD) M (SD)
Task accuracy (#) Assessment 1 2.73 (1.7) 3.2 (1.6) 2.53 (1.6) 3.67 (1.45) 0.21

Assessment 2 5.73 (3.77) 6.53 (3.04) 5.8 (3.95) 7.53 (2.29) 0.61
Completion time (s) Assessment 1 78.87 (47.05) 55.53 (29.135) 58.47 (17.4) 44.27 (17.3) 0.07

Assessment 2 70.6 (49.34) 55.4 (18.19) 63.733 (23.72) 64.27 (33.99) 0.84
 Best values per scale and construct are highlighted in bold

Fig. 9  Boxplots of task accuracy 
(defined as the number of correctly 
executed moves) across the four 
guidance modalities (M1–M4)
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progressed in both Assessment 1 and Assessment 2, with 
later steps showing lower average values across conditions. 
To examine whether intra-action pause durations at the first 
step differed from those at subsequent steps—independently 
of instructional modality—non-parametric Kruskal–Wallis 
tests were conducted within each assessment phase, col-
lapsing across modalities. The omnibus tests revealed a sig-
nificant effect of step in both Assessment  1 (H = 128.78
, p < 0.001) and Assessment  2 (H = 154.89, p < 0.001). 
Follow-up pairwise comparisons with Bonferroni correc-
tion showed that pause duration at Step 1 was significantly 
longer than at every subsequent step in both assessments 
(all corrected p < 0.001). In contrast, no consistent or sta-
tistically reliable differences were observed among the later 
steps. This pattern indicates a pronounced initiation effect, 
whereby participants exhibited substantially longer pauses 
at the beginning of the sequence, followed by more stable 
and reduced pause durations across the remaining steps.

A complementary analysis investigated whether pause 
durations at individual steps varied as a function of 
instructional modality. Given the widespread violations 

of normality across steps and modalities, as confirmed 
by Shapiro–Wilk tests, Kruskal–Wallis tests were applied 
independently at each step. In Assessment 1, a statistically 
significant modality effect was observed only at Step  1 
(H = 7.87, p = 0.049). Post-hoc Dunn tests with Bonfer-
roni correction revealed a significant difference between 
M2 and M4 (p = 0.038), while no other pairwise contrasts 
reached significance. No significant modality effects were 
found for Steps 2–5 in Assessment 1.

In Assessment  2, no statistically significant differences 
in pause duration across modalities were observed at any 
step (all p > 0.05), although a marginal trend was noted at 
Step 9 (H = 7.81, p = 0.050). Overall, these findings sug-
gest that modality-related differences in intra-action pause 
duration were limited, localized, and not consistently repli-
cated across assessment phases.

5.2  Subjective cognitive effort

We employed two subjective instruments: the assessment 
phase perceived difficulty (APPD), capturing participants’ 

Fig. 11  Heatmap of mean intra-
action pause duration (in seconds) 
across all steps and modalities for 
assessment 1 and assessment 2

 

Fig. 10  Boxplots of task comple-
tion time (in seconds) across the 
four guidance modalities (M1–M4)
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perceived task difficulty, and the NASA Task Load Index 
(NASA-TLX), measuring overall perceived cognitive 
workload.

5.2.1  Assessment phase perceived difficulty (APPD)

At the end of the experience, participants rated the perceived 
difficulty of each post-training assessment phase using the 
Assessment Phase Perceived Difficulty (APPD) measure, 
with separate ratings collected for Assessment Phase 1 
(APPD-1) and Assessment Phase 2 (APPD-2), as defined in 
Sect. 4.3.2. Figure 12 and Table 3 report the distribution of 
APPD scores across instructional modalities. As discussed 
in Sect.  8, APPD is intended as a complementary, phase-
specific subjective indicator, and its psychometric limita-
tions are acknowledged in the context of the study’s overall 
evaluation framework.

Given that the APPD data violated normality assump-
tions in several modality groups, as confirmed by Shapiro–
Wilk tests for both APPD-1 and APPD-2, non-parametric 
analyses were employed. Specifically, independent Krus-
kal–Wallis tests were conducted to examine whether per-
ceived difficulty differed across instructional modalities for 
each assessment phase.

For APPD-1, the Kruskal–Wallis test did not reveal a statis-
tically significant effect of modality, H(3) = 5.72, p = 0.13
, indicating comparable perceived difficulty ratings across 
instructional conditions. Similarly, for APPD-2, no sta-
tistically significant differences were observed across 
modalities, H(3) = 7.66, p = 0.054, although the result 
approached the conventional significance threshold and may 
be interpreted as a marginal trend. As neither test reached 
statistical significance, no post-hoc pairwise comparisons 
were conducted.

Table 3  Questionnaire scale results reported for the different modalities as mean (standard deviation)
Scale Construct Range M1 M2 M3 M4 p-value
NASA Mental demand [1–10] 5.80 (1.57) 4.60 (2.13) 5.73 (1.71) 5.73 (2.22) 0.32

Physical demand [1–10] 3.80 (2.40) 3.87 (2.53) 3.20 (2.21) 3.67 (2.82) 0.84
Temporal demand [1–10] 3.87 (2.45) 2.80 (1.57) 3.73 (2.19) 3.73 (2.37) 0.60
Performance [1–10] 6.53 (1.77) 7.07 (1.75) 7.13 (1.60) 7.40 (2.10) 0.63
Effort [1–10] 5.40 (1.76) 5.07 (1.87) 5.80 (1.74) 5.73 (1.87) 0.63
Frustration level [1–10] 4.27 (3.08) 3.53 (2.33) 4.13 (3.02) 2.53 (2.44) 0.21
Total [1–10] 4.94 (1.19) 4.41 (1.47) 4.94 (1.04) 4.80 (1.41) 0.78

SUS Ease of use [1–5] 3.55 (0.61) 3.44 (0.56) 3.41 (0.66) 3.67 (0.54) 0.61
Learnability [1–5] 3.33 (0.65) 3.27 (0.94) 3.50 (0.73) 3.59 (0.71) 0.78
Efficiency [1–5] 3.67 (0.72) 3.40 (0.81) 3.37 (0.83) 3.69 (0.68) 0.69
Complexity [1–5] 3.79 (0.55) 3.57 (0.84) 3.75 (0.55) 3.79 (0.45) 0.95
Total [1–100] 66.67 (12.20) 62.67 (15.96) 64.50 (11.27) 68.28 (10.56) 0.85

TAM PU [1–5] 3.59 (0.90) 3.69 (0.62) 3.67 (0.78) 3.63 (0.93) 0.98
PEOU [1–5] 3.60 (0.70) 3.75 (0.61) 3.40 (0.83) 3.68 (0.59) 0.54
Total [1–5] 3.59 (0.78) 3.72 (0.53) 3.55 (0.73) 3.66 (0.69) 0.91

APPD APPD-1 [1–5] 2.73 (1.16) 2.00 (1.07) 2.67 (0.72) 2.33 (0.82) 0.13
APPD-2 [1–5] 3.40 (1.30) 2.27 (0.88) 2.93 (0.96) 2.60 (0.99) 0.05

Best values per scale and construct are highlighted in bold

Fig. 12  Boxplot of assessment perceived 
task difficulty (APPD) ratings across 
instructional modalities and assessment 
phases
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To assess whether participants experienced the two 
assessment phases as differing in overall difficulty, a within-
subject comparison between APPD-1 and APPD-2 was 
performed using a Wilcoxon signed-rank test. The analysis 
confirmed that Assessment 2 was perceived as significantly 
more difficult than Assessment  1, W = 92.5, p = 0.0019
. This finding supports the intended manipulation of task 
difficulty across assessment phases and provides context 
for interpreting subsequent analyses of cognitive effort and 
performance.

5.2.2  Perceived cognitive load (NASA-TLX)

To subjectively evaluate cognitive load associated with each 
instructional modality, participants completed the NASA-
TLX which assesses six workload dimensions—mental 
demand, physical demand, temporal demand, performance, 
effort, and frustration—as well as an aggregate total score.

As shown in Fig. 13 and Table 3, mean mental demand 
ratings were lowest in M2 (M = 4.41, SD = 1.47) and 
highest in M1, and M3, which showed comparable levels 
(M = 4.94; SD = 1.19, and 1.04, respectively). Physical 
demand was generally low, with M3 reporting the lowest 
value (M = 3.2, SD = 2.21) and M2 the highest (M = 3.87
, SD = 2.53). Temporal demand was also moderate across 
conditions, with M2 showing the lowest perceived pressure 
(M = 2.8, SD = 1.57) and M1 the highest (M = 3.87
, SD = 2.45). Self-rated performance was relatively high 
in all conditions, particularly in M4 (M = 7.4, SD = 2.10
). Effort levels were moderate, ranging from M = 5.07 
(M2) to M = 5.8 (M3) across modalities. Notably, frustra-
tion levels were lowest in M4 (M = 2.53, SD = 2.44) and 
highest in M1 (M = 4.27, SD = 3.08). The overall work-
load score was comparable across all groups, ranging from 
M = 4.41 (M3) to M = 4.94 (M2).

Shapiro-Wilk tests revealed several violations of nor-
mality across modalities. Given these, non-parametric 

Kruskal-Wallis tests were used to assess differences across 
modalities for all dimensions.

No statistically significant differences were found across 
modalities on any NASA-TLX subscale. Kruskal-Wallis 
tests confirmed the absence of significant effects for mental 
demand (H = 3.47, p = 0.32), physical demand (H = 0.82
, p = 0.84), temporal demand (H = 1.86, p = 0.60), perfor-
mance (H = 1.707, p = 0.63), effort (H = 1.718, p = 0.63
), frustration level (H = 4.561, p = 0.21), and the overall 
workload score (H = 1.104, p = 0.78).

5.3  Usability and acceptance

We evaluated the impact of instructional modality on users’ 
perceived usability and acceptance using the System Usabil-
ity Scale (SUS) and Technology Acceptance Model (TAM) 
questionnaires.

5.3.1  System usability scale (SUS)

We evaluated usability across four SUS subdimensions—
Ease of Use, Learnability, Efficiency, and Complexity—as 
well as an aggregate total score.

As shown in Fig. 14, panel (a), and Table 3, the descrip-
tive results indicate that the overall usability score of all 
modalities was, on average, at or above the acceptable 
threshold (SUS > 60). Overall SUS scores showed mini-
mal variation across modalities, ranging from M = 62.67 
(M2) to M = 68.28 (M4). Subdimension means were 
similarly close: Ease of Use ranged from M = 3.41 (M3) 
to M = 3.67 (M4), Learnability from M = 3.27 (M2) 
to M = 3.59 (M4), Efficiency from M = 3.37 (M3) to 
M = 3.69 (M4), and Complexity from M = 3.57 (M2) to 
M = 3.79 (M1 and M4).

Shapiro-Wilk tests were conducted to assess the nor-
mality of subscale scores within each modality. Given the 
non-normality of the data, non-parametric Kruskal-Wallis 
tests were used to assess differences across modalities for 

Fig. 13  Boxplots of NASA-TLX 
subscale ratings by modality 
(M1–M4)
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all dimensions. Kruskal–Wallis tests indicated no statisti-
cally significant differences across instructional modalities 
on any SUS dimension, including ease of use (H = 1.81
, p = 0.61), learnability (H = 1.09, p = 0.78), efficiency 
(H = 1.47, p = 0.69), complexity (H = 0.36, p = 0.95), 
or the overall SUS score (H = 0.81, p = 0.85).

5.3.2  Technology acceptance (TAM)

To assess perceived usefulness (PU) and perceived ease of 
use (PE) of the application, participants responded to a cus-
tomized version of the TAM questionnaire.

As shown in Fig.  14 and Table  3, descriptive analyses 
indicated that the highest average Perceived Usefulness 
(PU) score was observed in M2 (M = 3.69, SD = 0.62
), followed closely by M3 (M = 3.67, SD = 0.78), M4 
(M = 3.63, SD = 0.93), and M1 (M = 3.59, SD = 0.90
). For Perceived Ease of Use (PEOU), M2 again yielded the 
highest ratings (M = 3.75, SD = 0.61), while M3 reported 
the lowest mean score (M = 3.40, SD = 0.83); M1 
(M = 3.60, SD = 0.70) and M4 (M = 3.68, SD = 0.59) 
showed intermediate values. Overall TAM scores were sim-
ilarly distributed across modalities, ranging from M = 3.55 
(M3) to M = 3.72 (M2).

Shapiro–Wilk tests confirmed that the distributions of 
PU, PEOU, and overall TAM scores did not deviate sig-
nificantly from normality for any instructional modality (all 
p ≥ 0.05). Accordingly, one-way ANOVAs were conducted 
to assess modality effects. The analyses revealed no statisti-
cally significant differences across instructional modalities 
for perceived usefulness (F = 0.05, p = 0.98), perceived 
ease of use (F = 0.73, p = 0.54), or the overall TAM score 
(F = 0.18, p = 0.91).

5.4  Focused correlation analysis

Pairwise Spearman rank-order correlation coefficients (ρ) 
were computed to examine relationships between selected 
objective performance metrics and subjective experience 
measures that were directly relevant to the RQs. RQ1: Per-
formance. Clear associations were observed among objec-
tive performance indicators across and within assessment 
phases. Task accuracy showed strong cross-phase consis-
tency, with accuracy in Assessment 1 significantly correlated 
with accuracy in Assessment 2 (ρ = 0.71, p < 0.001), indi-
cating stable individual differences in procedural correct-
ness as task difficulty increased. Intra-action pause duration 
(IAPD) likewise exhibited robust cross-phase consistency, 
with hesitation in Assessment 1 strongly correlated with hes-
itation in Assessment 2 (ρ = 0.64, p < 0.001). Within each 
assessment, temporal efficiency and hesitation measures 
were closely related. In Assessment 1, task completion time 
was strongly positively correlated with hesitation (ρ = 0.95
, p < 0.001), indicating that longer pauses between actions 
co-occurred with slower task execution. A similar pattern 
was observed in Assessment  2, where completion time 
and hesitation were again strongly correlated (ρ = 0.91
, p < 0.001). Task accuracy showed only weak and non-
significant associations with temporal measures within each 
assessment. RQ2: Cognitive effort. Relationships between 
subjective indicators of cognitive effort were generally 
modest. Perceived workload, as measured by NASA-TLX, 
showed no significant associations with objective perfor-
mance or hesitation measures in either assessment phase (all 
p > 0.05). However, perceived workload exhibited a weak 
positive association with perceived task difficulty in the 
later assessment phase, with NASA-TLX weakly correlated 
with APPD-2 (ρ = 0.25, p = 0.053), indicating a marginal 
trend that did not reach conventional levels of statistical 

Fig. 14  Boxplots of user perception ratings across modalities (M1–M4)
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significance. RQ3: Usability and acceptance. A moder-
ate positive association was observed between perceived 
usability and technology acceptance, with SUS and TAM 
scores significantly correlated (ρ = 0.48, p < 0.001). This 
relationship indicates that participants who rated the sys-
tem as more usable also tended to report higher acceptance. 
In addition, perceived usability was negatively associated 
with perceived task difficulty in both assessment phases 
(SUS vs. APPD-1: ρ = −0.27, p = 0.038; SUS vs. APPD-
2: ρ = −0.27, p = 0.041), indicating that higher usability 
ratings were consistently associated with lower perceived 
difficulty, particularly under increased task demands.

To support readability, in Table 4 we report the evalu-
ated metrics, assessment phases, applied statistical tests, 
and overall significance outcomes across instructional 
modalities.

5.5  Qualitative results: perceived criticalities and 
suggestions for improvement

To enrich the quantitative findings for RQ3 (Usability and 
Acceptance), we conducted a thematic analysis of par-
ticipants’ open-ended responses using Braun and Clarke’s 
six-step method (Braun and Clarke 2006). This qualitative 
analysis surfaced recurring themes on usability, interaction 
clarity, and user experience not captured by standardized 
questionnaires.

Responses revealed several recurring themes related to 
usability and interaction clarity.

Hand Tracking Accuracy. A dominant concern was 
the limited precision of the hand tracking system. Partici-
pants frequently reported that their hand gestures were not 
accurately recognized, especially during interactions that 
involved grabbing or rotating the virtual Rubik’s Cube. This 
occasionally led to confusion and interaction breakdowns. 
In some cases, the virtual hand’s visual representation 
obstructed the user’s view of the physical cube. This effect 
was reported across instructional modalities, as the virtual 
hand representation (“Show Hands”) was a shared, optional 
interaction aid available uniformly to all participants rather 
than a modality-specific component. Participants suggested 

making the virtual hands semi-transparent to reduce visual 
occlusion.

Cube Rotation and Gesture Recognition. Several par-
ticipants struggled with executing or interpreting cube 
rotations. The distinction between clockwise and counter-
clockwise rotation was not always intuitive, and the system 
sometimes misinterpreted gestures or failed to respond. 
This led to uncertainty during task completion. Suggested 
improvements include enhancing the fidelity of gesture and 
state recognition to reduce misinterpretation and increase 
system responsiveness.

Interface Layout and Visual Feedback. Issues related 
to visual presentation and user interface layout were also 
common. Participants noted that some instructional texts 
were placed outside their field of view or were too large 
to be easily readable. In addition, poor color contrast in 
overlays sometimes made it difficult to perceive directional 
cues. Suggestions included reducing text size, repositioning 
instructions in the user’s direct line of sight, and improving 
visual contrast.

Cognitive Load and Symbol Ambiguity. Some partici-
pants expressed difficulties interpreting the symbolic lan-
guage of cube notation. The ambiguity of letters (e.g., “F” 
for both “Front” and “Fore”, “U” for both “Under” and 
“Up”) caused confusion, especially when combined with 
unfamiliar instructions: Participants recommended more 
explicit tutorials—such as adaptive symbol explanations or 
on-demand clarifications.

Ergonomics and Device Comfort. A number of users 
found the physical experience with the headset uncom-
fortable. Complaints ranged from excessive weight to lens 
misalignment, which affected vision and prolonged engage-
ment. Users suggested lighter hardware options and the 
possibility of completing tasks while seated to alleviate 
physical strain.

Guidance, Feedback, and Onboarding. Some users were 
unsure whether they were expected to imitate or memorize 
the tutorial movements, leading to performance confusion. 
A more comprehensive tutorial phase that enforces task 
familiarity was suggested as a critical addition.

Table 4  Overview of statistical analyses conducted across performance, cognitive, and subjective measures
Category Metric Phase Test Outcome
Performance TA AP1, AP2 Kruskal–Wallis n.s
Performance TCT AP1, AP2 Kruskal–Wallis n.s
Performance IAPD Step-level Kruskal–Wallis+ Dunn Limited effects (AP1–Step 1; AP2 marginal)
Subjective cognitive effort APPD AP1 Kruskal–Wallis n.s
Subjective cognitive effort APPD AP2 Kruskal–Wallis n.s. (marginal trend)
Subjective cognitive effort NASA-TLX Overall Kruskal–Wallis n.s
Usability SUS Overall Kruskal–Wallis n.s
Acceptance TAM Overall ANOVA n.s
 Detailed descriptive statistics are reported in Tables 2 and 3. n.s. denotes non-significant results
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6  Discussion

The present discussion is driven by the RQs.

RQ1:  Does M4 improve task accuracy, speed, and fluency 
over other instructional modalities?

Across task accuracy, task completion time, and intra-action 
pause duration, the results do not provide statistically reli-
able evidence that the voice-augmented visual modality 
(M4) improves objective performance relative to the other 
instructional modalities. This pattern is consistent with 
prior XR/AR procedural training research showing that 
well-designed in-situ visual guidance can substantially sup-
port step-by-step task execution, with effectiveness strongly 
shaped by cue design and task demands (Tang et al. 2003; 
Henderson and Feiner 2009; Lee et al. 2019). From a mul-
timedia learning perspective, adding narration may yield 
limited incremental benefit when it does not contribute 
complementary information beyond already salient visual 
cues, due to redundancy and split-attention considerations 
(Kalyuga et  al. 1999; Mayer and Moreno 2003). With 
respect to task accuracy, M4 showed the highest mean accu-
racy in both assessment phases (Assessment 1: M = 3.67, 
SD = 1.45; Assessment 2: M = 7.53, SD = 2.29). How-
ever, these descriptive differences were not statistically sup-
ported. Kruskal–Wallis tests revealed no significant effect 
of instructional modality on accuracy in either Assess-
ment 1 (H = 4.48, p = 0.21) or Assessment 2 (H = 1.80
, p = 0.61). Accordingly, the results do not support the con-
clusion that M4 improves procedural correctness over the 
other modalities under the evaluated conditions.

A similar pattern was observed for task completion time. 
M4 exhibited the fastest mean performance in Assessment 1 
(M = 44.27  s, SD = 17.3), whereas M2 was fastest in 
Assessment  2 (M = 55.4  s, SD = 18.19). Despite these 
descriptive patterns, no statistically significant modality 
effects were observed (Assessment 1: H = 6.97, p = 0.073
; Assessment 2: H = 0.83, p = 0.84). Thus, the results do 
not provide evidence that M4 improves execution speed 
relative to visual-only modalities; the Assessment 1 differ-
ence is best interpreted as a descriptive tendency that did not 
reach significance.

Procedural fluency was examined through intra-action 
pause duration (IAPD). Collapsing across modalities, 
Kruskal–Wallis tests revealed a significant effect of step in 
both Assessment  1 (H = 128.78, p < 0.001) and Assess-
ment  2 (H = 154.89, p < 0.001). Bonferroni-corrected 
pairwise comparisons showed that Step 1 pause durations 
were significantly longer than all subsequent steps in both 
assessments (all corrected p < 0.001), while no consistent 
differences emerged among later steps. This pronounced 

initiation effect suggests greater planning and rule retrieval 
demands at the onset of the sequence, followed by more 
stable execution (Ockerman and Pritchett 2000; Lee et al. 
2020). Modality-related differences in IAPD were limited 
and localized. In Assessment 1, a significant modality effect 
was found only at Step 1 (H = 7.87, p = 0.049), with post-
hoc Dunn tests (Bonferroni-corrected) revealing a signifi-
cant difference between M2 and M4 (p = 0.038); no other 
pairwise contrasts were significant. In Assessment  2, no 
step showed a statistically significant modality effect (all 
p > 0.05), although a marginal omnibus trend was observed 
at Step  9 (H = 7.81, p = 0.050). Overall, these findings 
do not indicate a robust or consistently replicated fluency 
advantage for M4 across steps or assessment phases.

Finally, correlation analyses provide additional context 
for interpreting performance under RQ1. Task completion 
time was strongly positively correlated with IAPD in both 
assessments (Assessment  1: ρ = 0.95, p < 0.001; Assess-
ment 2: ρ = 0.91, p < 0.001), indicating that longer pauses 
between actions co-occurred with slower task execution. In 
contrast, task accuracy showed only weak and non-signifi-
cant associations with temporal measures. Taken together, 
the results indicate that M4 does not significantly improve 
accuracy or speed over the other modalities, and that any 
potential effects on procedural fluency appear limited to 
localized step-level differences that were not replicated 
across assessments.

RQ2:  Does M4 reduce cognitive effort compared to the 
other instructional modalities?

The present results do not provide direct evidence that 
voice augmentation (M4) reduces cognitive effort relative 
to the other instructional modalities. In particular, perceived 
workload as measured by NASA-TLX (Hart and Staveland 
1988) did not differ significantly across conditions, indicat-
ing comparable global workload irrespective of guidance 
modality. This outcome is consistent with cognitive load and 
multimedia learning accounts suggesting that an additional 
modality does not necessarily reduce effort when it does 
not add complementary information or when it introduces 
redundancy relative to already effective visual cues (Sweller 
1994, 2011; Kalyuga et al. 1999; Mayer and Moreno 2003).

Assessment Phase Perceived Difficulty (APPD) provides 
a complementary, phase-specific perspective on perceived 
task demands. Consistent with the NASA-TLX findings, 
APPD did not reveal a statistically significant effect of 
instructional modality in either assessment phase. Specifi-
cally, perceived difficulty ratings were comparable across 
modalities in Assessment 1 (H(3) = 5.72, p = 0.13), and 
no significant differences were observed in Assessment  2 
(H(3) = 7.66, p = 0.05), although the latter approached 
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the conventional significance threshold. As neither test 
reached statistical significance, no post-hoc comparisons 
were conducted. Together, these subjective measures indi-
cate that M4 did not reliably lower perceived workload or 
difficulty in the evaluated XR–DT training task.

In the present data, modality-related differences in IAPD 
were minimal, offering only indirect context for interpret-
ing cognitive effort over time. Descriptively, IAPD peaked 
at the first move of each assessment phase, consistent with 
an initiation or re-orientation demand at sequence onset, a 
statistically reliable between-modality effect was observed 
only at Step 1 of Assessment 1. Importantly, pausing behav-
ior is not a one-to-one proxy for cognitive effort: prior work 
shows that pauses can reflect different underlying processes 
(e.g., self-regulation/metacognitive activity versus brief 
relaxation or reflection) and may therefore relate to cogni-
tive load in different ways depending on context (Lee et al. 
2020). In Assessment 2, an omnibus test at Step 9 indicated 
only a marginal trend, which did not meet conventional 
significance thresholds and did not consistently favor M4. 
Accordingly, these temporal hesitation patterns are best 
treated as exploratory and post hoc, rather than as evidence 
of reduced cognitive effort.

Overall, the results indicate that M4 does not reduce cog-
nitive load relative to the other guidance modalities. From 
a design perspective, the absence of differences in NASA-
TLX and APPD suggests that adding synchronized narra-
tion did not introduce measurable additional workload in 
this XR–DT setting. Accordingly, within the evaluated task 
and system, voice augmentation appears best positioned as 
a complementary design option (e.g., providing redundancy 
or disambiguation at decision points) rather than as a mech-
anism that reliably reduces cognitive effort.

RQ3:  Is M4 perceived as more usable and acceptable than 
the other modalities?

Usability and acceptance ratings did not differ significantly 
across instructional modalities. Specifically, System Usabil-
ity Scale (SUS) scores (Brooke et  al. 1996) and Technol-
ogy Acceptance Model (TAM) measures (Davis et al. 1989) 
revealed no statistically significant modality effects, indicat-
ing that the voice-augmented guidance modality (M4) was 
not perceived as more usable or more acceptable than the 
visual-only alternatives. Importantly, all modalities–includ-
ing M4–achieved mean SUS scores above the commonly 
used acceptability threshold (SUS > 60), suggesting that 
the XR–DT system provided generally acceptable usability 
across conditions (Fig. 14, Table 3). This supports the fea-
sibility of DT-driven XR instruction for procedural learn-
ing tasks, independent of whether guidance is unimodal or 
multimodal.

Correlation analyses provide complementary insight into 
how user experience constructs relate within the evaluated 
setting. SUS and TAM scores were moderately positively 
associated (ρ = 0.51, p < 0.001), indicating that partici-
pants who reported higher usability also tended to report 
higher acceptance, without implying causality. Usability 
was also negatively associated with perceived task difficulty 
in the more demanding assessment phase (Assessment 2), 
suggesting that more usable experiences coincided with 
lower perceived difficulty under increased task demands. 
Together, these associations indicate that acceptance in this 
setting is closely coupled to perceived usability and expe-
rienced task demands rather than to the presence of voice 
augmentation per se.

Qualitative responses further suggest that salient usabil-
ity constraints were largely modality-independent. Partici-
pants frequently reported ergonomics-related challenges 
(e.g., headset discomfort) and interaction issues (e.g., hand 
occlusion) that likely influenced usability ratings across all 
conditions. In addition, difficulties interpreting symbolic 
cube notation (e.g., distinguishing “F” from “F ”) high-
light that perceived usability depends also on the clarity of 
instructional representations and interaction feedback.

Taken together, the absence of significant SUS and TAM 
differences across modalities is informative. Focusing on 
the in-situ conditions, M4 did not differ from the other spa-
tially aligned visual modalities (M2 and M3), indicating that 
synchronized narration did not materially change perceived 
usability or acceptance when state-aware in-situ guidance 
was already available, nor did it introduce measurable 
usability costs. From a design perspective, these results sug-
gest that voice augmentation should be considered a com-
plementary option—potentially beneficial for redundancy, 
disambiguation, and confirmation at decision points—rather 
than a mechanism that reliably increases perceived usabil-
ity or acceptance in contexts where visual in-situ guidance 
is already strong (Kalyuga et al. 1999; Mayer and Moreno 
2003).

7  Limitations and future works

APPD was measured using single-item, phase-specific dif-
ficulty ratings. While such single-item measures are com-
monly adopted as lightweight subjective indicators in 
experimental XR studies, they provide less psychometric 
robustness than established multi-item questionnaires (e.g., 
they do not support internal consistency analysis). Accord-
ingly, APPD results should be interpreted as indicative and 
complementary to standardized workload measures such 
as NASA-TLX, which capture global perceived workload 
across the experience, rather than as a standalone validated 
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measure of phase-specific difficulty. This methodological 
limitation highlights an opportunity for future work to refine 
the assessment of phase-level perceived difficulty by adopt-
ing previously validated multi-item instruments designed to 
capture task- or phase-specific effort, thereby complement-
ing global workload measures such as NASA-TLX with 
more granular subjective assessments. Future work should 
explicitly test hypotheses related to cognitive load redistri-
bution using experimental designs and measurement instru-
ments capable of distinguishing between overall workload 
reduction and changes in the temporal or functional alloca-
tion of cognitive resources.

In addition, participants were recruited in two waves, 
with the fourth instructional modality (M4) introduced in 
a subsequent data collection phase. Although identical 
inclusion criteria, procedures, and experimental settings 
were used across both waves, this staggered recruitment 
may have introduced uncontrolled temporal or contextual 
factors. To mitigate this, we report participant demograph-
ics and prior experience by condition and observe compa-
rable profiles across modalities; nevertheless, future studies 
should employ fully concurrent recruitment or larger sam-
ples to further control for potential cohort effects.

Beyond measurement-related considerations, several 
additional directions for future research emerge. Longitudi-
nal studies are needed to assess the effects of instructional 
modality on long-term retention and transfer to real-world 
tasks, particularly given the short-term nature of the present 
study and the fixed training content. Future investigations 
should also explore adaptive XR systems that dynamically 
adjust guidance strategies based on user expertise, task 
complexity, and contextual demands. Expanding this work 
beyond structured, rule-based tasks such as the Rubik’s 
Cube to more open-ended domains–such as emergency 
medical response or mechanical assembly–would further 
enhance the ecological validity and generalizability of 
the findings. Finally, future design improvements should 
address the technical and ergonomic challenges reported by 
participants, including suboptimal hand tracking and head-
set discomfort. Addressing these issues will be essential 
for advancing XR–DT learning environments toward more 
intuitive, inclusive, and scalable support for complex skill 
acquisition.

8  Conclusion

This study examined whether adding temporally aligned 
voice narration to state-aware visual guidance (M4) yields 
measurable benefits over three established visual-only 
instructional modalities (M1–M3) within a Digital Twin–
based XR Rubik’s Cube learning system. The investigation 

was conducted using a fixed procedural task, a controlled 
two-phase assessment structure, and a between-subjects 
design with novice-to-low-experience participants.

Within this experimental context, the results provide no 
evidence that voice-augmented guidance systematically 
improves procedural performance, reduces cognitive effort, 
or enhances usability and acceptance relative to in-situ 
visual guidance alone. Although M4 showed higher mean 
task accuracy and faster completion times in descriptive 
terms, these differences were not statistically significant. 
With respect to cognitive effort, neither global workload, 
as measured by NASA-TLX, nor phase-specific perceived 
difficulty differed reliably across instructional modalities. 
Analysis of intra-action pause duration revealed a pro-
nounced hesitation at the first assessment step in Assess-
ment 1 across all modalities, followed by a general decrease 
in pauses over subsequent steps. This pattern is consistent 
with a shared transition from guided learning to unguided 
execution rather than a modality-specific effect. On this 
basis, the present study does not support the conclusion that 
voice augmentation reduces cognitive effort under the tested 
conditions. Regarding usability and acceptance, usability 
scores were within the acceptable range across modalities, 
and neither System Usability Scale nor Technology Accep-
tance Model measures showed statistically significant dif-
ferences between instructional conditions.

Taken together, these findings answer the central question 
of this study: within a short, structured procedural learning 
task supported by precise, state-aware visual guidance, add-
ing voice narration neither confers a consistent advantage 
nor introduces measurable costs. The contribution of this 
work therefore lies in delimiting the conditions under which 
multimodal voice augmentation does not alter learning out-
comes in XR–DT training, clarifying its role as an optional 
design feature rather than a necessary or universally benefi-
cial component within the scope of the present system, task, 
and participant cohort.
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