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Abstract: Applications of virtual reality (VR) have grown in significance in medicine, as
they are able to recreate real-life scenarios in 3D while posing reduced risks to patients.
However, there are several interaction challenges to overcome when moving from 2D
screens to 3D VR environments, such as complex controls and slow user adaptation. More
intuitive techniques are needed for enhanced user experience. Our research explored the
potential of intelligent speech interfaces to enhance user interaction while conducting
complex medical tasks. We developed a speech-based assistant within a VR application for
maxillofacial implant planning, leveraging natural language processing (NLP) to interpret
user intentions and to execute tasks such as obtaining surgical equipment or answering
questions related to the VR environment. The objective of the study was to evaluate the
usability and cognitive load of the speech-based assistant. We conducted a mixed-methods
within-subjects user study with 20 participants and compared the voice-assisted approach to
traditional interaction methods, such as button panels on the VR view, across various tasks.
Our findings indicate that NLP-driven speech-based assistants can enhance interaction
and accessibility in medical VR, especially in areas such as locating controls, easiness of
control, user comfort, and intuitive interaction. These findings highlight the potential
benefits of augmenting traditional controls with speech interfaces, particularly in complex
VR scenarios where conventional methods may limit usability. We identified key areas
for future research, including improving the intelligence, accuracy, and user experience of
speech-based systems. Addressing these areas could facilitate the development of more
robust, user-centric, voice-assisted applications in virtual reality environments.

Keywords: virtual reality; natural language; NLU; NLP; human—computer interaction;
medical; speech recognition; interaction techniques

1. Introduction

Virtual reality (VR) technologies are increasingly employed in medicine for their
ability to render immersive, three-dimensional environments that enhance spatial cognition,
anatomical comprehension, and procedural understanding [1,2]. In diagnostic imaging
and surgical planning, VR supports precise interpretation and intervention by enabling
detailed visualization of complex anatomical data [3-7]. In medical education, interactive
and risk-free VR simulations have been shown to improve learning outcomes, spatial
awareness, and skill acquisition, underscoring VR’s expanding role in both clinical and
educational settings [5,8-10].

Despite the potential of VR in medical applications, there are interaction challenges.
Traditional input methods, such as controllers, often fail to replicate the precision and
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intuitiveness of familiar 2D interfaces like a mouse and keyboard, making tasks such as
typing and information retrieval cumbersome in 3D environments [11]. Cluttered interfaces
and overly complex controls further increase cognitive load, limiting smooth operation and
user experience. The absence of standardized interaction paradigms across VR systems
complicates skill transfer and limits usability [12]. These challenges arise from limitations
in locating and operating tools in VR, coupled with the unfamiliarity of interacting with
virtual objects, which contrasts with habitual 2D interface use [13].

Speech-based interaction offers a promising alternative to address these challenges.
Voice commands provide a hands-free method to streamline interaction, reduce cognitive
burden, and enhance accessibility in VR systems [14]. However, their effectiveness depends
on the integration of robust natural language processing (NLP) techniques to ensure
accurate speech recognition and intuitive user interfaces tailored to specific use cases.
Implementing such systems can significantly improve task efficiency and user satisfaction,
paving the way for broader adoption of VR in healthcare [14-18].

This research focused on assistive technologies in VR, particularly the use of spo-
ken voice commands, and it evaluated their usability in medical virtual reality systems.
Chatbot-based assistive technologies are not new; they have demonstrated significant bene-
fits across various industries [19]. Recent advancements in natural language processing
(NLP), including large language models (LLMs) for generative text, transformer models,
and later BERT and other models [20,21], have improved text classification, intent recog-
nition, and information retrieval. Combined with advanced speech-to-text technologies,
these innovations enable efficient human-machine interaction, making VR systems more
intelligent and adaptive [17,22-25].

The research specifically explored speech commands for tool selection and answering
queries in surgical planning settings. To ground our study in a real context, we used a
maxillofacial implant surgery use case, which is an example of surgical planning with tool
selection for dental implants. This study aimed to design an intelligent speech assistant
and evaluate its impact on usability and cognitive load in these kinds of real-time medical
applications. We studied the following research questions:

RQ1:  How does the use of intelligent speech interfaces affect usability metrics such as
ease of control, comfort, accuracy of commands, satisfaction in response, finding
controls, learning and adapting, recovery from mistakes, and naturalness and
cognitive load metrics like physical demand, mental demand, temporal demand,
performance, effort, and frustration?

RQ2:  What are the advantages, limitations, expectations, and general opinion of speech
interfaces in VR for medical purposes?

For this study, student participants were chosen to allow rapid, scalable evaluation of
core interaction mechanisms, uncovering their expectations of modern speech interfaces
before engaging medical professionals. This approach helped in refining usability and
cognitive load factors without introducing domain expertise bias, and it allowed early-stage
validation under practical resource constraints.

2. Background

Several prior studies have explored the advantages of VR in the medical field, demon-
strating simulation of complex medical procedures, improving diagnostics, and enhancing
surgical planning [3,7,26]. For example, in surgical planning, VR has been shown to
improve the accuracy of tumor localization in liver resection [27,28]. Similarly, in head
cancer and neck cancer surgery, VR allows a more detailed assessment of tumor extent
and surrounding anatomical structures, leading to improved surgical planning and better
oncological outcomes [29]. In skull base neurosurgery, the complex anatomy and proximity
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of critical neurovascular structures make precise planning possible [30]. Each of these
studies proves the capabilities of XR (extended reality) technologies such as virtual reality
(VR) and augmented reality (AR) in the medical domain.

VR applications suffer from many interaction challenges, as discussed in the Intro-
duction. To address these issues, various studies have explored integrating additional
modalities such as haptics [31-33], speech [15,34,35], gesture-based controls [32,36], and
gaze [37] to enhance user interaction. These interaction problems are also solved by
adopting a multimodal approach to create more immersive, intuitive, and responsive VR
experiences [38]. Among these modalities, speech is regarded as the most natural because
it mirrors the way humans inherently communicate with one another.

Assistive technologies such as chatbots and speech-based systems such as Alexa have
become fairly common in daily activities and various personal and industrial domains [19].
This has been possible through various state-of-the-art NLP techniques enabling efficient
speech systems [17,22-25]. Previous research has demonstrated the specific utility of speech-
based systems in various medical use cases. An example was the use of a medical decision
support system that integrated real-time speech interfaces with deep neural networks
(DNN:Ss) to predict suitable therapies based on patient medical history. It reduced manual
data entry time and allowed more focus on diagnosis and patient care [17].

Similarly, speech recognition has been leveraged to control virtual tools in immersive
environments, improving efficiency, realism, and user engagement through NLP techniques
such as intent classification [35]. In VR, voice-controlled mode switching has been shown
to be more intuitive and satisfactory than traditional button-based methods, offering a
coherent interaction experience for healthcare professionals [34]. Speech interfaces have
also demonstrated significant utility in high-pressure medical settings, such as surgical
environments, where they improve task execution and retention of clinical skills [18]. For
training applications, the DIET (dual intent entity transformer) model has been employed
to classify a wide range of intents, creating immersive and effective medical learning
environments [15]. Furthermore, natural language understanding has been advanced
in virtual standardized patients (VSPs) by integrating speech-recognition and hybrid Al
techniques, enabling enhanced history-taking skills and improving simulation fidelity [16].
Another study that used large language models to navigate around medical virtual reality
produced various positive remarks [39,40], although using LLM had an observed latency
of 3-4 s and 1.5-1.75 s, depending on the tasks, which is not suitable for flawless medical
interactions. These studies provide insights into the usage of machine learning principles
in medical domains using speech.

However, there is a lack of research exploring the application of speech interfaces in
surgical planning scenarios, where such systems could function as virtual assistants to
support secondary tasks in a real-time environment. These tasks may include retrieving
surgical tools or providing context-specific information about the virtual environment,
thereby improving workflow efficiency and user engagement, especially for new users
in VR. Even as users switch between the VR systems with different controls, the users
can interact with any system in the same way, using natural language, as long as they
have knowledge about the tools, which would be expected from medical professionals.
A related study investigated speech interfaces for tool switching, but that was limited to
static commands [34]. The reliance on static commands introduces challenges related to
memory recall, potentially disrupting the workflow and increasing cognitive demands
during critical tasks. Furthermore, the lack of adaptive or context-aware design in such
systems requires predefined terminology for tools, which may differ from the naming
conventions used in real-world surgical practices.
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This research addressed these limitations by integrating a dynamic, context-aware
verbal assistant capable of interacting naturally with users and adapting to the specific
terminology and requirements of the virtual environment. By doing so, it aimed to reduce
cognitive load, improve the usability of the system, and to bridge the gap between existing
static command-based interfaces and the flexible and intuitive needs of surgical planning
and training scenarios.

3. Materials and Methods

The system design prioritizes natural language understanding, so that it can be used
in all VR systems as long as the user knows about the tools to some extent, which is to be
expected from medical professionals. Although large language models (LLMs) represent
state-of-the-art techniques for handling diverse instructions and generate curated answers,
they have several limitations, like limited customizability [41], lack of transparency [42],
and latency [39,40]. Small delays can significantly hinder user experience in a negative
way [43]. Therefore, other approaches were used, such as using intent recognition [15,44].
Focusing more on interaction, cloud-based pre-trained models were chosen, such as speech
service from Azure [45].

3.1. System Architecture

The system architecture is designed to integrate natural language processing (NLP)
capabilities with a VR interaction framework. Built on the Unity platform and Oculus Meta
Quest 3 VR headsets, the architecture features modular components to support overall
speech-driven interactions, intent recognition, and real-time user feedback. Figure 1 shows
the key architectural elements, including the NLP pipeline, which consists of speech-to-text
(STT), intent recognition, question answering, and text-to-speech (TTS) components that
facilitate bidirectional communication between users and the VR system:

‘)) Voice Feedback

Utterances, ;
. Train .
Intent Recognition
phiases > Recognized l@ m-
Train ’ Intent cs ; ’ -

Actions

’@J—> ml _= I —> Text To Speech Z':E:ﬂ;
)

User Speech To Text

Automatic Speech Recognition

Train J Question Answering

Figure 1. System architecture of usage of NLP-based speech system and its integration with
VR environment.

Upon user speech input, audio is captured through the VR headset’s microphone. The
STT module processes the audio signal and generates corresponding textual data. This text
is subsequently analyzed by the intent recognition module to classify the user’s command
or to detect questions intended for the question answering subsystem. This change between
intent recognition and question answering is effected by the user through a toggle button,
as displayed in Figure 2 “Help On”. If a command is identified, an appropriate system
action is triggered by mapping the recognized intent to a corresponding function within
the VR application. In the case of a detected question, the question answering module
generates an appropriate response, which is then delivered to the user through visual
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feedback in the form of text (Figure 2) and synthesized speech via the TTS module heard
through the speakers of headsets.

A feedback mechanism is implemented, whereby a logger tracks speech recognition
outputs, system responses, and error handling, providing real-time feedback to users in the
form of audio and visual feedback.

SPEECH LOG

N
< O o
Switch Cullers Tooktips Handles

S ImPants Al impangs  Shove
RaycastVolyme

Do you mean?

o
alignag

Nt It Show Marve
Question Answer

©] @ Help On

Show
Final Xray Flashiigng Aign 1
n 10 jav

(b)
Figure 2. (a) The button panel as the control interface. (b) The empty speech logger.

The architecture was designed with a focus on evaluating usability and cognitive load
in an exploratory study of speech models. Therefore, fewer training examples were used,
since the sentences were small and this number satisfactorily generated the outputs during
the development stages. Another reason was to minimize costs and resources, and limited
emphasis was placed on fine-tuning NLP models. This approach prioritized feasibility and
preliminary insights over extensive optimization.

3.2. NLP Development

Natural language processing components were developed using Azure cognitive
services, focusing on STT, intent recognition, QA functionalities, and text-to-speech (TTS).
Various speech services were tested, and Azure was selected for its minimal latency, due to
integration within the same Azure environment.

The pre-trained real-time STT model of Azure Al speech services was fine-tuned using
20 training examples from people with different tones and accents to improve recognition
of medical terminology and diverse vocal patterns, which was enough for the limited
amount of special terminologies we used, like “sinuses”, “jawline”, “X-ray”, “flashlights”,
and “Dental Implants”. The rest were common and could easily be handled without
training, like “handles”, “undo”,“redo”,”show /hide”, etc. This training resolved issues
such as misinterpretation of terms like “sinuses” (previously recognized as “cinuses”)
and “X-Ray” (misheard as “exray”), ensuring accurate processing of tools and commands
such as “Turn on/off the X-Ray Flash Light”, which was seen commonly while testing the
STT. These training examples were in the form of voice recording and its corresponding
transcripts. Some examples of training data are “What is a X-ray Flashlight?”, “Turn off the
handles”, “Can you tell me about the sinuses?”, “how to use handles?”. These sentences
were important to let the training model know how a particular word sounds, thus avoiding
misinterpretations.

While speech-to-text (STT) is crucial for accurately recognizing spoken words, correctly
interpreting the meaning of the recognized text is equally important. This is where Azure
Language Understanding (LUIS) plays a critical role, enabling the system to extract intents
and relevant information from the transcribed speech. Azure Language Understanding
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(LUIS) was trained with 20 intents, with 15-20 utterances per intent corresponding to
different system functionalities. These 20 intents corresponded to all the available features
in the project and were necessary to complete the medical tasks. The major challenge
here was classification among short sentences that did not have enough information. The
sentences “Hide all the dental implants” and “Show all the dental implants”, for example,
differed only slightly (“hide” and “show”); these sentences and their related synonyms were
contrary to the relatively long sentences used in [15,44]. An iterative approach was used
with various combinations of synonyms in the training data. Utterances were categorized
into entities such as “tools” (e.g., dental implants, X-ray flashlights, etc.) and “states” (e.g.,
activate, hide), ensuring robust command interpretation and handling of synonyms and
phrasing variations, as shown in Figure 3.

A custom knowledge base enabled dynamic and consistent responses to user queries
about system functionality and tools. The QA model supported detailed information
retrieval, enhancing user support. Although the training examples used were small in
quantity, the models were trained in an iterative manner to achieve the satisfactory results
that were observed in the development and pilot testing. Figure 3 shows instances of
training in Azure; Figure 3a showing examples of transcripts and voice files uploaded in
Azure for training, the user speaking while in the VR, and the user interacting using speech.

Schema definition
| Download dataset

Add intents and entities to your schema. Intents are tasks or actions the user wants to perform. Entities

Name T Duratien Human-labeled transcription (normalized Intents  Entities

audio/record_outway 00:045 @ show me the implants + add
audio/record_out!.wav 00:02s @ show me the implant O intents Labeled utterances \  Entities used w
O  allign_implants 8 tool
audio/record_out2.wav 00:03s @ hide the implant
QO  allign_to_jaw 20
audio/record_out3.wav 00:08s @ hide the implants O hide_final 4
O hide_handles 18 state, tool
audio/record_outd.wav 00:04s @ what do you know about dental surgery
O ¢ 20 state, tool
audio/record_out5.wav 00:05s () mysinuses are heavy and my nose is block O hid
(a (b)

Edit knowledge base

uestion answer pairs 23) [ Synonyms (6) ed sources and

What are the handles?

Figure 3. Snapshots of NLP instances trained in Azure: (a) Adding recorded files and transcripts to
train a speech-to-text (STT) model; (b) Creating intents in Language Understanding (LUIS), where
the first column shows intent names, the second shows the number of utterances, and the third shows
the entities used for categorization; (c) Snapshot of a knowledge base used for question answering.

3.3. VR Development

The VR environment was developed using Unity upon Planmeca Romexis software for
dental implants and was used on the Oculus Meta Quest 3. See Figure 4 for the overall VR
environment. The environment included high-fidelity 3D models, such as a skull for dental
implant placement and a dental implant tray with adjustable implants of varying sizes [34].
These models provided a realistic representation of medical tools and anatomy, ensuring a
practical training experience. In addition to this, the VR system allowed interaction through
both speech and a panel with traditional button controls. The button panel was used as a
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reference control interface. Speech commands provided a hands-free alternative for the
same functions and tools as the button panel interface. The control for speech activation
was configured using a primary button on a hand controller to reduce external noise.

oo ey oty s visume o |
s Lk o o .o e et |

Figure 4. The complete VR setup from a user’s point of view. The major components from left to
right are the skull model, the X-ray cross-section monitor on top, the speech logger next to the skull
model, the button interface panel, the implant tray, and the panel with the list of tasks on top.

A speech interface panel was developed as a logger to provide a visual representation
of both spoken words and their recognized intents. This configuration enabled the users to
monitor the accuracy of their inputs and generated responses, thereby determining whether
their speech was correctly recognized and processed through the system’s pipeline. A
toggle switch was introduced to switch between question answering and tool selection.
Text-to-speech (TTS) converted system responses into audible outputs, improving acces-
sibility, ensuring correct commands, and enhancing the immersive experience. A task
panel displayed specific objectives for users to complete, while visual cues and contextual
highlights guided interactions with tools and objects. This ensured that the participants,
especially those unfamiliar with medical tools, could navigate and perform tasks effectively.

Additionally, error-handling capabilities were added to the VR system, considering
the results from the STT and LUIS models. A threshold of a 0.6 confidence score was
defined. This was to ask the user if they meant what the system recognized. For example,
if the user said “I want the X-Ray Flashlight” but the system recognized it with a low
confidence score then the system asked the user for confirmation, such as “Do you mean
X-Ray Flashlight?”. The visual feedback of the text in the speech logger became very
important, in order to know what was being spoken. Another threshold was added for
cases in which the confidence is very low in our case, 0.3, when the system asked for
a repeat.

3.4. Participants

For exploratory purposes, we selected non-medical student participants, ensuring
that the system could be assessed for usability in a manner consistent with everyday
technology usage. The study involved 20 participants aged between 21 and 35 years, with
an average age of 25.8 years. The group comprised 10 males and 10 females, representing
diverse nationalities, of which 19 participants were trying medical VR for the first time
and 5 participants had never used VR in any capacity. The participants were briefed
about the study’s objectives, tasks, and potential risks before providing informed consent.
To minimize learning bias, the sequence of interaction modes was randomized, with
10 participants starting with the speech interface and the other 10 beginning with the
button interface.
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3.5. Experiment Process

Two instructional videos were shown to familiarize the participants with the VR
environment. The videos introduced the key components of the VR space, particularly
the medical tools that are necessary for dental implant-related activities. These videos
demonstrated VR functionalities, including interaction techniques. The participants were
trained on operating the hand controllers, including activating speech input via designated
controller buttons. They were then given 5-10 min to explore the VR environment freely,
manipulating 3D skull models, practicing dental implant placement, and experimenting on
some tools provided by the button panel and speech interfaces.

For those who appeared unsure during the freeform try-out phase, minimal guidance
was provided to help them perform basic tasks such as moving objects or toggling implant
visibility. The participants were also introduced to the task panel and the question answer-
ing toggle feature, which they would use to retrieve assistance or complete tasks during

the experiment. Figure 5 shows the usage of speech for different operations:

Figure 5. Snapshots of the speech logger with different commands. The spoken text can be seen
on top with activated tools under “Do you mean?” and question, answers under the “Question
Answering” section: (a) Switching on handles for precise positioning of dental implants. (b) Hiding
dental implants. (c) Asking question about handles and getting answers at the bottom of the speech
logger. (d) Switching on the X-Ray flashlight.

After familiarization, the participants were asked to complete predefined tasks, using
both the speech interface and the button interface (Figure 2a). The order of the interfaces
was alternated to minimize the order effects. The following seven compulsory tasks were
assigned to each user, followed by one optional task:

1.  Ask something about the project. For example “tell me about the system”.

2. Use the X-Ray flashlight to look for sinuses. (Hint: Search near button of the jawline.)

3. Switch off the X-Ray flashlight.

4. Manually pick up 2 random dental implants from tray on the right, using controller,
and place them near the empty spaces in the jawline.

5. If you look at the X-ray cross-section view, it displays a cross-section view for one
implant; please change this to display for another implant.
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6.  Use the handles to adjust the position of the implants in the jaw.
Switch off the handles.
8. (Optional) Any other tasks you need to perform.

N

These tasks simulated the actual tasks that professionals are supposed to complete. At
the end of each interaction mode, the participants completed a questionnaire evaluating
their experience, specifically focusing on usability and cognitive load metrics.

3.6. Data Collection

The study employed a within-subject design, where each participant interacted with
both the speech and button panel interfaces. Usability metrics, including ease of control,
comfort, accuracy, satisfaction, and naturalism, were evaluated using a 7-point Likert scale
(1 = lowest, 7 = highest). Cognitive load was assessed using the NASA TLX questionnaire,
which included components such as mental demand, physical demand, temporal demand,
effort, and frustration.

Open-ended questions were also included to gather qualitative feedback regarding
challenges, preferences, and suggestions for improving the speech interface. To maintain
clarity, the “Performance” component of the NASA TLX scale was reversed during data
collection, with higher scores indicating better performance. Adjustments were made
during analysis to ensure consistency with the original methodology.

4. Results

The results were categorized into quantitative and qualitative metrics. Quantitative
metrics assessed usability and cognitive load. The NASA-TLX framework provides six key
dimensions that collectively address various aspects of the cognitive load experienced by
the user. However, assessing usability for speech-driven systems requires a different focus
compared to traditional system usability evaluation, particularly in light of the evolving
user expectations from modern voice interfaces.

Users today are increasingly familiar with interacting with voice systems such as Alexa,
Siri, and ChatGPT, which shape their expectations regarding naturalness, responsiveness,
accuracy, etc. Accordingly, the usability parameters selected in this study, as outlined in
the research questions (RQs), were specifically curated to comprehensively evaluate the
unique usability aspects relevant to speech-based interaction systems, distinct with no
similar-sounding parameters.

4.1. Quantitative Results

The results for the total, mean (M), and standard deviation (SD) of usability and
cognitive load indicate an overall preference for the speech interface in regard to usability
but suggest less overall cognitive load with the button panel interface (Table 1, Figure 6):

Table 1. Summary of total, mean, and standard deviation of usability and cognitive load for button
and speech interfaces.

Usability Cognitive Load
Mode Total Mean Std Dev Total Mean Std Dev
Button 911 5.69 1.21 288 2.40 1.56

Speech 931 5.82 1.02 301 2.50 1.37
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Figure 6. Bar graph for combined usability and cognitive load metrics.

The speech interface achieved an overall similar total usability score (Mg = 914) in
comparison with the button panel interface (Mp = 911). The mean usability score also
demonstrated similar behavior for the speech and button panel interfaces, with scores of
(Mg = 5.71,SDg = 1.21) and (Mp = 5.69,SDp = 1.21), respectively. The button panel
interface exhibited a lower mean cognitive load (Mp = 2.23,SDp = 1.69) than the speech
interface (Mg = 2.34, SDg = 1.46), suggesting that speech may slightly increase cognitive
load due to recognition inaccuracies. These findings demonstrate the overall results. But
for in-depth analysis, the metrics used for usability and cognitive load were analyzed.

4.1.1. Usability Metrics

The usability metrics were evaluated across eight domains for both the button panel
and speech interfaces: Ease of Control, Comfort, Accuracy of Commands, Satisfaction with
Response, Finding Controls, Learning and Adapting, Recover from Mistakes, and Natural and
Intuitive Use. The mean scores (M) and standard deviation (SD) provided insights into the
user experiences with each interface. Table 2 shows the mean and standard deviation of
the button panel and speech interfaces for each usability metric, and Figure 7 shows a bar
graph of the same.

Table 2. Usability metrics: mean + standard deviation for button panel and speech interfaces.

Metric Button Speech
Ease of Control 5.70 £1.08 5.80 +1.01
Comfort 575+ 1.12 6.15+0.93
Accuracy of Commands 550+1.24 5.45 +0.83
Satisfaction with Response 575+1.25 5.60 = 1.05
Finding Controls 5.55 +1.43 6.05 +1.05
Learn and Adapt 595 +1.05 6.05 +0.89
Recovery from Mistakes 590 +1.12 5.80 +1.06

Natural and Intuitive Use 5.45 +1.43 5.65 +1.31
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Figure 7. Bar graph showing usability metrics: mean and standard deviation for button panel and
speech interfaces.

Based on the updated usability metrics, we observed slight variations between the
button panel and speech interfaces across several dimensions:

For Ease of Control, the speech interface scored marginally higher (Mg = 5.80,SDg = 1.01)
compared to the button panel interface (Mg = 5.70,SDp = 1.08), indicating a slight
preference for speech-based control. The Comfort ratings also favored the speech inter-
face (Mg = 6.15,SDgs = 0.93) over the button panel interface (Mp = 5.75,SDp = 1.12),
suggesting that the users found voice commands less physically and mentally demand-
ing. For Accuracy of Commands, the button panel interface performed slightly better
(Mp = 5.50,SDp = 1.24) than the speech interface (Ms = 5.45,5Dg = 0.83). However,
in terms of Satisfaction with Response, the speech interface received slightly lower ratings
(Mg = 5.60,SDg = 1.05) compared to the button panel interface (Mp = 5.75,SDp = 1.25).
The speech interface was rated higher in Finding Controls (Ms = 6.05,SDg = 1.05) and
Learn and Adapt (Mg = 6.05, 5Dg = 0.89), indicating that the users found the speech inter-
face more intuitive for these aspects. However, the button panel interface scored slightly
better on Recovery from Mistakes (Mp = 5.90, SDp = 1.12) compared to the speech interface
(Mg = 5.80,SDg = 1.06). For Natural and Intuitive Use, the speech interface scored slightly
higher (Mg = 5.65, SDg = 1.31) than the button panel interface (Mp = 5.45,SDp = 1.43),
suggesting that the users found the speech interface somewhat more natural and intuitive.

Overall, the usability metrics indicated a nuanced user preference. While the button
panel interface excelled in Accuracy of Commands, Satisfaction with Response, and Recovery
from Mistakes, the speech interface provided more ease in terms of Ease of Control, Comfort,
Finding Controls, Learn and Adapt, and Natural and Intuitive Use.

4.1.2. Cognitive Load Metrics

The cognitive load metrics were evaluated across six domains: Mental Demand, Phys-
ical Demand, Temporal Demand, Performance, Effort, and Frustration. The mean scores and
standard deviations provide insight into the cognitive load associated with each interface
(see Table 3 and Figure 8):
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Figure 8. Bar graph showing cognitive load metrics: mean and standard deviation for button panel
and speech interfaces.

Table 3. Cognitive load metrics: mean + standard deviation for button panel and speech interfaces.

Metric Button Speech
Mental Demand 295+ 1.73 3.40+1.70
Physical Demand 3.25 +2.27 2.45 +1.36
Temporal Demand 2.60 +1.64 235+1.14
Performance 1.60 = 0.50 2.20+1.01
Effort 2.35+1.09 2.60 + 1.47
Frustration 1.65 + 0.88 2.05+1.19

The speech interface showed higher Mental Demand (Mg = 3.40, SDg = 1.70) than the
button panel interface (Mp = 2.95, SDp = 1.73), though it scored lower on Physical Demand
(Ms = 2.45,5SDg = 1.36; Mp = 3.25,5Dp = 2.27), suggesting that speech may reduce
physical effort but increase cognitive processing. Temporal Demand was rated similarly
across the interfaces, with the button panel interface at Mp = 2.60,SDp = 1.64 and
the speech interface at Mg = 2.35,SDg = 1.14, indicating that neither interface added
significant time pressure. The button panel interface scored higher on affected Performance
(Mp = 1.60, SDg = 0.50), reflecting user confidence with button panel interface interactions
(here, Performance was evaluated using NASA TLX cognitive load scoring, where a lower
score indicates better performance and a higher score means bad performance). The speech
interface required more Effort (Mg = 2.60,SDs = 1.47; Mp = 2.35,5Dp = 1.09). The
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speech interface had a higher Frustration score (Mg = 2.05,5SDs = 1.19) compared to
the button panel interface (Mp = 1.65,SDp = 0.88), potentially due to inaccuracies in
voice recognition.

4.1.3. Effect of Participant’s Past Experience

Out of the 20 participants in the study, 19 were using medical VR systems for the first
time, while only 1 had prior experience with such applications. However, when considering
general VR usage, 15 participants had used VR in some form before, whereas 5 reported
no prior VR experience at all. Due to the imbalance in prior experience with medical VR
(19 vs. 1) and the modest size of the dataset, formal statistical testing was not conducted
with this. Instead, we performed a preference-based exploratory comparison limited to
those participants who had some form of prior VR experience (n = 15), and, later, we took
percentages of distribution for normal comparison, allowing for better interpretation within
a semi-homogeneous group. Preferences were measured within-subject, for each usability
and cognitive load metric. At each decision point, the participant’s preferred input method
(speech interface or button panel interface) was determined, based on their score for the
same metric under both conditions. The goal was to identify which modality was favored
per metric by participants who had prior exposure to VR environments.

From Table 4, Participants with prior VR experience showed a preference for speech
input in the metrics Comfort and Finding Controls, while button input was favored for
the metrics Satisfaction with Response, Recovery from Mistakes, Mental Demand, and
Performance. Preferences for other metrics, including Ease of Control, Natural and Intuitive
Use, and Effort, were mixed or inconclusive, though such findings remain indicative rather
than definitive, due to the data limitations.

Table 4. Percentage-based input method preference by metric and prior VR experience. Preferred
input per group is underlined.

Metric VR: Yes (n = 15) VR: No (n =5)
Speech Button No Pref. Speech Button No Pref.

Ease of Control 53% 27% 20% 0% 80% 20%
Comfort 47% 20% 33% 60% 40% 0%
Accuracy of Commands 33% 27% 40% 0% 40% 60%
Satisfaction with Response 27% 40% 33% 20% 40% 40%
Finding Controls 47% 20% 33% 40% 20% 40%
Learn and Adapt 20% 27% 53% 40% 0% 60%
Recovery from Mistakes 33% 40% 27% 0% 40% 60%
Natural and Intuitive Use 40% 40% 20% 60% 40% 0%
Mental Demand 13% 47% 40% 20% 60% 20%
Physical Demand 40% 7% 53% 20% 60% 20%
Temporal Demand 27% 13% 60% 0% 0% 100%
Performance 13% 40% 47% 0% 80% 20%
Effort 20% 33% 47% 40% 20% 40%
Frustration 7% 40% 53% 20% 0% 80%

4.1.4. Significance Test

A Shapiro-Wilk test indicated that the data were not normally distributed. Given
that the study employed a within-subjects design, where each participant interacted with
both interfaces (button panel and speech), related (paired) measurements were obtained
for each usability and cognitive load metric. Consequently, the Wilcoxon signed-rank
test was selected, as it is appropriate for analyzing paired or matched samples when the
assumption of normality is violated. This approach allowed each participant to serve as
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their own control, enabling a more accurate comparison of score differences between the
two interfaces. The resulting W-statistics and corresponding p-values are presented in
Table 5.

Usability metrics: No statistically significant differences were observed in the usability
metrics between the button panel and speech interfaces, as all comparisons yielded p-values
greater than 0.05. The test revealed no statistically significant differences between the button
panel and speech interfaces across most of the usability metrics, including Ease of Control
(W = 63.0, p = 0.788), Comfort (W = 43.5, p = 0.337), Accuracy of Commands (W = 30.0,
p = 0.785), and Satisfaction with Response (W = 35.0, p = 0.439). However, Finding Controls
approached significance (W = 20.0, p = 0.064), suggesting a trend in which users might
have found the control features easier to locate on one interface than on the other. The
other metrics, including Learn and Adapt (W = 20.0, p = 0.755), Recovery from Mistakes
(W =405, p = 0.712), and Natural and Intuitive Use (W = 68.0, p = 0.680), also showed no
significant differences, indicating comparable ease in learning and adapting, error recovery,
and intuitiveness between the interfaces.

Cognitive load metrics: The Performance metric showed a statistically significant
difference between the button panel and speech interfaces (W = 9.0, p = 0.014), suggesting
a notable variation in the cognitive load associated with performance across the two
interfaces. Additionally, Physical Demand and Frustration demonstrated marginally non-
significant p-values (p = 0.054 for Physical Demand and p = 0.084 for Frustration),
indicating a trend approaching a significance but not exactly statistically significant.

Table 5. Results of the Wilcoxon signed-rank test for usability and cognitive load metrics for button
panel and speech interfaces.

Metric Category Metric W-Statistic p-Value
Ease of Control 63.0 0.7879
Comfort 43.5 0.3368
Accuracy of Commands 30.0 0.7850
. . Satisfaction with Response 35.0 0.4389
Usability metrics o
Finding Controls 20.0 0.0638
Learn and Adapt 20.0 0.7551
Recovery from Mistakes 40.5 0.7121
Natural and Intuitive Use 68.0 0.6798
Mental Demand 29.5 0.2545
Physical Demand 11.5 0.0541
. ] Temporal Demand 5.0 0.2356
Cognitive load metrics
Performance 9.0 0.0146
Effort 27.5 0.6094
Frustration 6.0 0.0845

4.2. Qualitative Results

The qualitative analysis of the user feedback on the speech interface was conducted by
codes and themes, where the code represented more granular detail while theme presented
the overall category that the code belonged to. Table 6 (Qp) and Table 7 (QOn) show some
distinct positive and negative remarks from the participants, respectively.

Many of the participants highlighted the speech interface’s ease of use, specifically not-
ing its capacity to simplify tasks and reduce physical demands compared to button-based
interaction. Qp1, Qp2, Qp9 are some examples of those instances. Responsiveness was
another aspect that was commented on in multiple instances (Qp1, Qp9). The participants
also stated its ease of use through Qp4, Qp5, Qp6. Some also commented about the ease of
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finding controls and commands by using the speech interface, which sometimes proved
difficult with the button panel interface (Qp8). Many also commented about workflow

efficiency and the natural flow of things when using the speech interface (Qp10, Qp11).

Table 6. Positive remarks from participants, by codes and themes.

ID

Quotes

Codes

Themes

Qpl

“It is very responsive and its ability to
understand instructions in many ways
makes it handy and accessible”.

responsive, flexible instructions

ease of use, reduced latency

Qp2

“The speech interface simplified tasks
significantly since I didn’t have to
press buttons some of which were
difficult to reach”.

avoids button pressing,
simplifies tasks

task simplification, less physical

Qp3

“Great, even though I have used VR
before it was hard for me to use the
panel but the speech felt

more natural”.

natural feeling, panel
interaction difficulties

natural interaction, usability

Qp4

“At first it was challenging, but after a
few tasks, I got a good grasp and it felt
like a compact, effective tool”.

initial difficulty, improved over time

learning curve, adaptability

Qp5

“Easy to learn and work. It can be
really useful for professionals”.

easy to learn, professional usefulness

learning curve, adaptability

Qp6

“Easier to learn and adapt to. Made
the tasks easier. I didn’t have to press
the buttons and some of the buttons
are not easy to press”.

avoids button pressing, panel
interaction difficulties

learning curve and adaptability

Qp7

“The VR speech assistant was able to
understand my questions at least 90%
so that’s a plus”.

accurate understanding of questions

speech recognition accuracy

Qp8

“Overall good, may improve speech
recognition. I was able to visualize but
still struggled to find handles, there
were a lot of buttons in the

panel displayed”.

difficult to find buttons,
visualization clarity

finding controls and commands

Qp9

“It’s very responsive and its ability to
understand the instruction in many
ways. It’s handy in many ways”.

responsive, flexible instructions

reduced latency, ease of use

Qp10

“I could stay focused on the model
without needing to stop and press
buttons, which is crucial in a
workflow setting”.

workflow continuity

workflow efficiency

Qpl1

“I think it is easier to stick with the
flow using speech while working. I
felt effortless and it might be very
interesting for the dentists to play
around with efficiency. I feel this
speech interface might be an
artificial assistant”.

task flow continuity, artificial assistant
potential

natural interaction, task Flow

There were negative aspects of the speech interface as well, mostly due to inaccuracy

for speech recognition (Qnl, Qn2, Qn3) and overall accuracy (Qn4) leading to bad user
experience. The primary reasons behind this were varying accents and pitch of the voice,
the results being misinterpretation of full or half sentences, leading to wrong results. Many
commented on the overall task limitation in the speech interface (Qn4, Qn6, Qn7), stating
that a major aspect of the whole setup was manual work, like placing the dental implant.
This was also in line with the expectation for completely hands-free interaction with speech,
as in Qn6, where the expectation was that manual placement of the dental implant be done
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by speech, and as in Qn5, where there was a suggestion that no hand controller button be

used for speech activation, thus automating the whole process.

Table 7. Negative remarks from participants, by codes and themes.

ID

Quotes

Codes

Themes

Onl

“My accent was not understood clearly.
Sometimes I had to speak slowly so
that it understands entirely”.

struggles with accent

speech recognition accuracy

On2

“It interpreted few words wrong
maybe due to lower voice and accent”.

misinterpreted commands

speech recognition accuracy

On3

“It was difficult for the system to take
in long sentences”.

struggles with long commands

speech recognition, accuracy

Qn4

“Some commands are not interpreted
correctly, limitation in the amount of
tasks. The system responded
identically to "Hide implants” and
’Show implants,” showing a need for
command differentiation”.

incorrect commands, limited tasks

overall accuracy, task limitation

On5

“Automating the speech activation,
similar to Siri or Alexa, could reduce
the need for physical input, making the
interface more hands-free”.

automation suggestion, reduced
physical input

automation, hands-free design

Qn6

“The speech was good in total, but in
some scenarios, manual intervention
was required. So for completing the
task by using speech interface alone
was not achieved”.

manual intervention needed

task limitation

Qn7

“Including more command variations
and adding common questions would
make it feel more intuitive”.

suggests expanded commands,
common questions

task limitation, command variation

5. Discussion

The described speech interface designed for changing tools and asking questions in
medical VR applications demonstrated comparable performance to a traditional button
panel interface, in regard to task completion metrics. The participants successfully com-
pleted an equal number of tasks with both interfaces, showing that a speech interface is a
viable alternative to button-based methods. This aligns with prior research on single-word
voice commands by [34], where medical experts rated speech modalities as satisfactory,
useful, natural, and accurate. Comparable results were observed in metrics like Ease of
Control, Comfort, and Natural and Intuitive Use, further validating the speech-based
system’s usability and its potential for broad application in dynamic medical environments.
Systems that incorporate conversational fidelity and intent recognition have shown positive
results in medical scenarios, with speech being an effective medium in VR for medical
training and diagnosis [15,16,35]. This study proves that similar technology could be
extended to being an assistant in surgical scenarios, providing realism through natural
language, adaptivity, ease of control, comfort, finding control, and less physical effort,
through objective and subjective results. The use of speech not only improves interaction
in many key areas but also enables independent work. These results highlight the potential
of speech-based systems to improve user interactions in medical VR, making them more
effective and user-friendly in completing tasks. Another reason for the relatively good
scores across various usability and cognitive load metrics was reduced latency, with the
results being almost in real time, which was not observed in prior studies [39,40]. This
system also enables users or developers to make easy configurations, where a number of
commands, feedback, and answers can be personalized. Reduced physical load and effort
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were also reported by similar studies [17,35] that dealt with physical elements in VR, like
the keyboard, manual data entry, etc. A novel finding in this research was the improved
ease of finding controls with speech interfaces, supported by the “Finding Controls” metric
and open-ended responses, addressing a gap not explored in previous studies. This func-
tional parity suggests that speech interfaces could serve as viable alternatives to button
panels in similar contexts, particularly in terms of usability.

The participants reported slightly higher cognitive load with the speech interface, though
the difference was statistically insignificant. The qualitative results suggest that this increased
cognitive load was primarily due to mental demand, which contrasts with past studies [15,17]
where speech interfaces were associated with reduced cognitive effort. The higher mental
demand in this study stemmed from small inaccuracies in command recognition, which
was commented on in the qualitative results. These inaccuracies were universal across the
participants and became more noticeable when the users spent extended periods inside the VR
environment, even though error-handling mechanisms were available. For example, during
a task requiring the user to issue 10 speech commands, the first 5 commands were typically
recognized accurately, creating a smooth interaction flow. However, when a misrecognition
occurred (e.g., at the sixth command, even if it was identical to a previously successful
command), it disrupted the interaction flow. The users then needed to undo the incorrect
action and reissue the correct command. It was observed that such disruptions, although
infrequent, negatively impacted user experience by breaking immersion and increasing
frustration. If multiple consecutive recognition errors occurred, frustration levels increased
further, contributing to lower usability ratings and higher reported cognitive load.

An anticipated aspect of the speech interface was the ability to automate physical
activities within VR (Qn6, OQn8, Qn9 in Table 7), such as picking up dental implants and
placing them in jaws, as well as answering questions like “is the placement accurate or
not” through a “Question Answering” feature. The participants also recommended adding
conversational elements to understand, such as polite expressions (“Thank you”, “Please”),
to make interactions more natural and human-like, akin to modern voice assistants like
Alexa or ChatGPT.

Future Work

In further studies, a broader emphasis could be given to training examples in order
to utilize diverse accents and dialects. Even small inaccuracies may lead to lower user
experience in real-time interaction, which was observed and noted in the experiments.
Aspects such as accents, medical verbatim, and dialects supporting these could be taken
into consideration while training the speech-to-text model.

It was seen that the participants were often confused about which controls were
automated under the speech interface. With the emergence of and familiarity with LLM-
based services, such as ChatGPT and home automation speech assistants, it was anticipated
that the speech assistant in this study would support a diverse range of actions. However,
even after its introduction and demonstration of the use case, the interface did not fully meet
these expectations, highlighting areas for further development to align with advancements
in similar technologies. This could be achieved by adding more training examples and
leveraging LLMs to recognize the actions in a more intelligent manner. Lightweight
LLMs could be applied with reduced latency. For answering in questions, advanced
techniques like RAG (retrieval-augmented generation) could be used to generate more
robust answers. There were also expectations, like picking of the dental implant, looking
at implant positioning, and showing the accuracy of placement points. The anticipation
from the speech interface was for it to function as a more intelligent system, not only
controlling objects within medical VR scenarios but also extracting and providing relevant
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information from the interface to enhance decision making and interactivity. Furthermore,
incorporating conversational elements such as greetings and medically appropriate phrases
could enhance the naturalness and interactivity of the system.

A multimodal approach combining speech and button interfaces on screen could
reduce cognitive load and improve performance by mitigating some negative aspects of
speech, like task limitations. Although the present study focused on comparing the speech
interface to a button-based interface, integrating the two could leverage the strengths
of both, minimizing cognitive demand. A similar conclusion was drawn by [34], who
suggested that combining modalities enhances usability and overall interaction efficiency.
Other modalities, such as gaze tracking, would further enable reducing cognitive load, as
the target of an action could be determined from the user’s gaze direction. Gestures could

also be an effective addition. For example, inaccuracies could be easily undone with a wave
of the hand.

6. Conclusions

As immersive technologies are emerging in modern medicine, this study highlights
the value of speech-based interaction in virtual reality (VR) environments. By integrating
natural language processing into a surgical planning scenario, we have demonstrated that
voice-driven commands can serve as a practical and intuitive alternative to traditional VR
controls. The participants were able to complete tasks with similar effectiveness, while also
experiencing benefits such as reduced physical effort, improved comfort, ease of finding
controls, and more natural engagement with the system. At the same time, the study raised
key challenges that must be addressed in speech recognition accuracy, accent variation,
and user expectations shaped by mainstream voice assistants. These findings emphasize
the need for speech systems that are not only technically sound but also sensitive to the
nuances of real-world use, especially in high-stake medical contexts.

This research showed that speech interfaces are more than just convenience features.
They can meaningfully support user cognition, streamline workflows, and lower the
barriers to interacting with complex medical tools in VR. As language technologies evolve,
there is strong potential to build voice-enabled virtual assistants that offer context-aware
support, enhance training, and ultimately improve patient outcomes. As medical training
and planning increasingly adopt immersive technologies, speech-based systems offer
a scalable path toward more accessible, user-friendly, and intelligent VR experiences.
This work lays the groundwork for the development of multimodal, Al-enhanced virtual
assistants that can augment human capabilities in complex healthcare environments.
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