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Abstract
Medical equipment operation training in pharmaceutical and clinical laboratory settings has long relied on
static Standard Operating Procedure (SOP) documents, making it difficult for novice operators to develop spatial
understanding of equipment operations and safely practice abnormal scenarios. This study proposes a service
design prototype that integrates WebVR-based immersive training and a Retrieval-Augmented Generation (RAG)
AI Agent to support the learning of medical equipment operation procedures for novice biotechnology operators.
The system was designed through persona development, AT-ONE touchpoint analysis, and Responsible AI
governance principles. The primary contribution of this work is a design framework and functional prototype
that integrates immersive learning, SOP-grounded AI assistance, and Responsible AI governance. Empirical
validation is identified as a direction for future research.
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1. Introduction

Training in the operation of medical equipment is a high-risk process in pharmaceutical and clinical
laboratory environments. Before entering actual operations, novice operators must become familiar
with equipment layouts, operational procedures, and handling abnormal situations. However, current
training approaches are largely based on static SOP documents and instructor demonstrations, limiting
the opportunities for learners to practice high-risk procedures repeatedly in a safe environment [1].
Immersive technologies such as WebVR provide opportunities for scenario-based training in virtual en-
vironments, allowing learners to become familiar with operational procedures and spatial relationships
without interacting with real equipment [2]. Meanwhile, the development of Retrieval-Augmented Gen-
eration (RAG) enables AI systems to retrieve external knowledge sources before generating responses
to knowledge-intensive queries. This approach helps reduce hallucination risks associated with relying
solely on model parameters and allows the retrieved knowledge sources to be inspected and traced.
Therefore, in SOP-based operational training contexts, RAG can serve as a technical foundation for
procedural knowledge support and source transparency [3].
This study proposes a prototype of a medical equipment operation training service centered on

WebVR and an RAG-based AI Agent. The target users are novice operators in the biotechnology and
pharmaceutical industries. The system integrates a 360-degree virtual laboratory, interactive equipment
hotspots, AI-assisted question answering based on SOP, and task-based assessments with certification
mechanisms.
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2. Related Work

2.1. Immersive Technologies for Professional Training

VR and WebXR technologies have been widely applied in high-risk training contexts such as surgical
procedures, equipment maintenance, and emergency response. Previous studies indicate that immersive
environments can effectively support the transfer of training, facilitate the acquisition of procedural
skills, and reduce operational errors [1]. Compared to dedicated head-mounted VR devices that often
require specialized hardware and complex setup procedures, WebXR can be deployed through standard
web browsers, offering cross-device compatibility ranging from mobile devices to advanced VR headsets
while significantly reducing organizational adoption barriers [4]. However, existing research suggests
that current VR interfaces still lack realistic haptic feedback, which limits the user’s ability to perform
fine-grained finger-level manipulations and reduces the overall sense of natural interaction and realism
[5]. Therefore, this study positions the WebXR prototype as a tool for situational familiarization and
procedural rehearsal prior to hands-on training, rather than as a replacement for physical equipment
training.

2.2. RAG for Professional Knowledge Retrieval

Large language models face hallucination challenges in medical and regulatory contexts. RAG addresses
this issue by grounding generated responses in external knowledge sources and is widely considered
an effective approach to improving answer reliability and traceability [3]. Recent studies have applied
RAG to medical question-answering systems by integrating external medical literature and professional
knowledge sources, thereby reducing the risk of inaccurate AI-generated information while improving
the reliability and verifiability of the system [6]. However, research on human–AI collaboration suggests
that when AI systems directly provide recommendations or answers, users may become reliant on
heuristics and exhibit reduced motivation to engage in analytical thinking, leading to excessive reliance
onAI [7]. Tomitigate this risk, researchers have proposed Cognitive Forcing Functions, which encourage
active user participation in decision-making through mechanisms such as delayed hints, requiring users
to make an initial judgment, or revealing supporting evidence before presenting recommendations [7].

2.3. Research Gap

Although previous studies have separately explored immersive training, RAG systems, and Responsible
AI governance, a service design framework that integrates these three components within the context
of medical equipment operation training remains underexplored. This study seeks to address this gap
by proposing a prototype of a medical equipment operation training service.

3. System Design

3.1. Design Context and Target Users

The proposed system is designed for novice operators in the biotechnology and pharmaceutical indus-
tries. Although these users typically possess basic laboratory knowledge, they often lack hands-on
experience with specific equipment. Their primary training challenges include the inability to safely
rehearse high-risk abnormal operations repeatedly, difficulty mapping written SOP procedures to
physical equipment locations, and limited access to immediate support from Subject Matter Experts
(SMEs). This study adopts the processing of blood samples as the core training scenario and focuses on
three types of equipment: centrifuges, hematology analyzers, and biosafety cabinets.

3.2. Service Design Methodology

This prototype was developed as part of a three-week Problem-Based Learning (PBL) project using
service design methodologies. The design process included user research, persona development,



customer journey mapping, and service planning. In particular, the project employed the AT-ONE
touchpoint analysis framework [8] and service blueprinting techniques[9]. These methodologies were
selected because prior research has demonstrated their effectiveness in facilitating communication and
integration among cross-functional stakeholders, including operators, SMEs, QA managers, and IT
teams. Furthermore, they support the coordinated design of front-stage user experiences and back-stage
governance systems through visualization of stakeholder interactions and organizational responsibilities
[9].

3.3. System Architecture and Training Workflow

The proposed system adopts a linear workflow with branching interactions (Figure 1). The learners
progress through four sequential stages: introduction to the training task → 360° WebVR Laboratory
Exploration → training of the equipment and AI-Assisted Inquiry → assessment and certification
based on tasks. The AI Agent can be accessed throughout the exploration, equipment training, and
assessment stages.

Figure 1: System Architecture

3.3.1. Training Task Introduction

In Figure 2, upon entering the system, learners are first presented with a training task card that outlines
the course title (Hematology Analyzer Operation and Blood Sample Processing), estimated completion
time (5 minutes), difficulty level (beginner) and the list of equipment covered in the session. This design
is informed by Cognitive Load Theory [10], which suggests that human cognitive processing capacity is
limited. By providing learners with a clear learning framework and task expectations before entering a
highly stimulating immersive virtual environment, the system aims to reduce the likelihood of cognitive
overload and enable learners to allocate their limited cognitive resources to subsequent equipment
interactions and core skill acquisition.

3.3.2. 360° WebVR Laboratory Environment

In Figure 3, after entering the 360° virtual laboratory, students are free to explore the environment
and access detailed information panels for individual equipment through interactive glowing hotspots
embedded within the scene. These panels provide information on equipment functions, operational
procedures, and risk warnings. For example, the centrifuge panel introduces a three-step procedure
involving balanced sample placement, speed configuration, and post-operation sample retrieval, while
also highlighting risks such as mechanical damage caused by improper balancing. For high-risk opera-
tional areas, the system provides Glow-based visual highlighting as a layered guidance mechanism,
encouraging learners to infer procedures independently rather than receiving direct answers. This ex-
ploratory design aims to support the development of spatial understanding of the laboratory equipment
layouts of the learners. Previous studies have shown that free exploration in virtual environments can
effectively facilitate the construction of environmental knowledge and cognitive maps [11]. Further-
more, compared to traditional two-dimensional media, such as documents or maps, immersive spatial
experiences have been found to significantly improve user understanding of relative object locations,
thus addressing limitations of conventional training approaches in supporting spatial cognition [12].



Figure 2: Training Task Introduction

Figure 3: 360° WebVR Laboratory Environment

3.3.3. SOP-Grounded RAG AI Agent

In the left panel of Figure 3, during scene exploration and assessment activities, learners can access
the AI Agent panel at any time to ask questions. The system provides several predefined questions
as guided entry points, while also allowing learners to freely submit their own queries. The AI Agent
follows a RAG-only principle: all responses must be retrieved from approved SOP documents imported
into the knowledge base. For each response, the system displays the corresponding source document
name, version number, and section reference (e.g., SOP-001 Blood Sample Handling v1.0, Section 2.1).
When no verifiable source can be retrieved from the knowledge base, the Agent refuses to provide an
answer and instead directs learners to consult a Subject Matter Expert (SME) or Quality Assurance
(QA) personnel. This design ensures the transparency of information sources and the auditability of AI-
generated responses while clearly distinguishing the role of AI assistance from the official interpretation
and decision-making of SOPs.
From a technical perspective, the proposed RAG pipeline consists of four stages: document pre-

processing and indexing, semantic retrieval, context grounding, and response generation. During
knowledge base construction, approved SOP documents are segmented into semantically meaningful
text chunks and indexed to support efficient semantic retrieval. When a learner submits a question,



the system first converts the query into semantic embeddings and retrieves the most relevant SOP
document chunks from the indexed knowledge base. The retrieved passages are then provided as the
only external context for response generation, ensuring that all answers are grounded in verified SOP
documents rather than relying solely on the language model’s internal knowledge. Each response
presents the corresponding SOP document name, version number, and section reference to facilitate
source verification and improve traceability. If no sufficiently relevant evidence can be retrieved, the
system refuses to generate an answer and instead advises learners to consult a Subject Matter Expert
(SME) or Quality Assurance (QA) personnel. By constraining AI-generated responses to retrieved and
verifiable SOP knowledge, the proposed RAG-only mechanism reduces the risk of hallucination while
improving the transparency, traceability, and accountability of AI-assisted learning.

3.3.4. Equipment Training and Abnormal Scenario Simulation

In Figure 4, after selecting a specific piece of equipment, the learners enter a equipment-specific training
module. Using the Hematology Analyzer as an example, a step-by-step guidance panel is displayed on
the right side of the interface, presenting operational procedures from Step 1 to Step 5. The learners
are required to complete each step sequentially before progressing to the next stage. For example, in
Step 1, the learners must verify the consistency of the sample tube labels, laboratory request forms,
and patient information recorded in the system. They are required to confirm that the patient name,
identification number, and specimen type match exactly. The system simultaneously presents relevant
risk warnings (e.g., incorrect sample identification can result in test results being assigned to the wrong
patient) together with the corresponding SOP reference. This module also incorporates learning of
abnormal scenarios. When learners trigger a simulated error scenario, the system presents common
mistakes, potential risks, and corrective recommendations associated with the current operational step,
along with relevant SOP references. By exposing learners to contextualized error cases, the system
aims to improve their understanding of operational risks and response strategies while reducing the
gap between theoretical knowledge of SOP and practical application. Previous studies have shown that
reproducing high-risk or emergency situations in real-world environments is often difficult due to safety
and cost constraints [13]. Virtual reality technologies provide a safe, high-tolerance and repeatable
training environment in which learners can repeatedly practice abnormal situation handling procedures
without exposing actual equipment or personnel to risk [14].

Figure 4: Abnormal Scenario Simulation



Figure 5: Task-Based Assessment and Certification

3.3.5. Task-Based Assessment and Certification

In Figure 5, after completing the equipment exploration and training activities, the learners proceed to
a task-based assessment consisting of five multiple-choice questions related to SOP for the selected
equipment. Learners who do not pass the assessment are guided back to the training module to
review the relevant operational procedures and SOP content before reattempting the assessment. Upon
successful completion, the system issues a certification and records the learner’s training status, thereby
completing the training workflow.

3.4. Responsible AI Design Principles

The AI Agent was designed according to the following governance principles to address accountability
requirements in high-risk medical training contexts.

• Transparency: Each response displays the corresponding SOP source, version number, and
section reference, allowing learners to verify the original documentation and improving the
traceability of AI-generated responses.

• Knowledge Boundaries: The AI Agent is restricted to retrieving information only from verified
SOP documents imported into the knowledge base. When no verifiable source is available, the
system refuses to provide an answer and instead directs users to consult a Subject Matter Expert
(SME) or Quality Assurance (QA) personnel.

• Assessment Monitoring: Learners are permitted to access the AI Agent during assessments;
however, all usage records are logged and incorporated into training analytics to prevent AI
assistance from masking learners’ actual level of understanding.

• Human Oversight: The system includes administrative review interfaces for QA managers and
SMEs, ensuring that AI-generated responses serve solely as supplementary information and do
not replace formal SOP updates or professional judgment.

4. Discussion and Limitations

4.1. Design Contributions

The primary contribution of this study is the proposal of a service design framework that integrates
WebVR-based immersive learning, RAG-enabled knowledge retrieval, and Responsible AI governance.
Although previous studies have often discussed immersive training and AI assistance separately, this



work attempts to address both front-stage learning experiences (e.g., spatial familiarization, task
guidance, and real-time inquiry) and back-stage governance requirements (e.g., source traceability,
audit records, and human oversight) within a single training service. The browser-based deployment of
WebVR reduces organizational adoption barriers and enables immersive training experiences without
requiring dedicated VR hardware, making it suitable for large-scale training implementation. In addition,
the source disclosure mechanism of the RAG AI Agent responds to concerns about AI overreliance
identified in human–AI collaboration research. Users may accept AI recommendations without sufficient
verification; therefore, AI systems should not only provide answers but also reveal the evidence
supporting those answers and encourage users to engage in active judgment through source verification
and layered guidance mechanisms [7]. This study aims to foster critical and responsible use of AI-
assisted information by allowing learners to view the source document, version number, and section
reference associated with each response.

4.2. Limitations

First, the proposed prototype has not yet undergone formal user evaluation. Current design decisions
are primarily informed by existing literature and service design methodologies rather than empirical
validation with novice operators. Future work will conduct controlled user studies to compare the
proposed WebVR + RAG training service with conventional PDF-based SOP training in terms of task
completion time, operational error rate, training confidence, AI reliance, and overall user experience.

Second, the current RAG knowledge base is built upon simulated SOP documents. The prototype has
not yet been integrated with real-world enterprise SOP version management systems, and issues related
to knowledge base completeness, version conflict management, and multilingual document support
remain to be addressed.
Third, the WebVR environment simplifies the complexity of real-world equipment operations. Al-

though the 360-degree virtual environment provides opportunities for spatial familiarization and
procedural rehearsal, it cannot reproduce tactile feedback or fine motor interactions. Consequently,
the proposed system is intended as a preparatory training tool rather than a replacement for hands-on
equipment training.

Finally, future work will include a comprehensive evaluation of both user experience and Responsible
AI perceptions. User experience will be evaluated using the User Experience Questionnaire Short
Version (UEQ-S), while additional Responsible AI questionnaire items will assess learners’ perceptions
of source utilization, critical engagement, understanding of AI limitations, active judgment, assessment
transparency, and operational risk awareness. This evaluation aims to examine not only the usability
and overall user experience of the proposed training service, but also whether the Responsible AI
mechanisms effectively promote trustworthy, transparent, and accountable AI-assisted learning.

5. Conclusion

This study presents a prototype of medical equipment operation training service centered on WebVR
and an RAG-based AI Agent. Through a combination of a virtual laboratory 360-degrees, interactive
equipment hotspots, AI-assisted inquiry based on SOP and task-based assessments, the system provides
novice biotechnology operators with a safe, repeatable and auditable training environment. The
contribution of this work does not lie in the implementation of a fully validated medical training system.
Rather, it proposes a service design framework that integrates immersive learning, AI-assisted SOP
knowledge retrieval, and Responsible AI governance.
Future work will focus on integrating real-world SOP knowledge bases, further optimizing the

RAG knowledge retrieval mechanism, and conducting user studies with laboratory operators. The
evaluation will combine the User Experience Questionnaire Short Version (UEQ-S) with additional
Responsible AI questionnaire items to investigate learners’ perceptions of source utilization, critical
engagement, understanding of AI limitations, active judgment, assessment transparency, and operational
risk awareness. These evaluations will provide empirical evidence for assessing not only the usability



of the proposed WebVR-based training service, but also the effectiveness of its Responsible AI design in
supporting trustworthy, transparent, and accountable AI-assisted learning.
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