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Abstract. This pilot research aims to investigate the potential of multimodal data in predicting the
user’s performance in an XR-based training simulation environment. XR-based learning
simulations have rapidly gained popularity in training education areas like medical and nursing, as
well as STEAM, due to their ability to provide training opportunities in an immersive and authentic
environment. In this study, multimodal data, such as eye-tracking and behavioral data (task
completion time, accuracy, head movement, and hand movement) were collected, as well as the
participant’s perception of the simulation through a subjective survey questionnaire. We aim to
investigate how and what kind of multimodal data could be collected in an XR-based learning
environment to optimize the training curriculum, improve the user experience, and enhance the
learning outcomes. To achieve this, we collected multimodal data for attention, cognitive load, and
performance behavior: head movement, hand movement, and eye information from 22 medical
residents who participated in the XR-based simulation experience focused on strabismus diagnosis
for resident training. As a result, we can collect fifteen multimodal data types for attention and nine
data types for performance behavior. These results could be the fundamental research for predicting
the learner’s performance states in XR-based training simulation.

Keywords: XR-based Simulation, HoloLens, Multimodal Data, Learner Performance.

1 Introduction

XR-based training simulations have gained popularity recently due to their ability to provide immersive and
interactive learning experiences. XR-based training simulations allow for realistic and safe training environments
that may be difficult or dangerous to recreate in the real world [1]. In addition, XR-based training simulations can
be customized to the individual learner's needs and preferences, such as their own pace and level of expertise [2].
Additionally, XR-based training simulations can provide immediate feedback to learners, improving learning
outcomes [3]. Another advantage of XR-based training simulations is that they can be more cost-effective and
time-efficient [4]. Furthermore, XR-based training simulations can provide opportunities for remote learning and
collaboration [5].

It is important to assess the learner's performance in XR learning environments. By understanding the learner's
performance, immediate feedback can be provided, which can aid in predicting and evaluating learning outcomes
and the learner's state. Multimodal information, such as brainwaves, eye gaze, facial expressions, heart rate, sweat,
time, and performance behavior, provides learners with information they may not have been aware of during the
learning process and offers insights into their cognitive and emotional state at specific moments.

Multimodal data is increasingly used in learning analytics to gain insights into learners' behavior and
performance in educational settings. For example, eye-tracking and facial expression data have been used to
identify patterns in learners’ behavior that indicate engagement, interest, or understanding of the materials, as well
as the user's cognitive load and attention [6-7]. In addition, mouse movement, clickstream, video recording, and
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self-reported feedback can be used to recognize learners’ behavior and performance in learning analytics [8-9].
Physiological data such as heart rate and skin conductance can be used to evaluate the user's stress level and
emotional state [10], [11]. Head position data can be used to identify the user's level of engagement and attention
[12], and hand movement data can be used to evaluate the user's motor skills and proficiency to evaluate learners'
proficiency in surgical procedures [13]. Based on these previous studies, this study investigates various
multimodal information sources that can be utilized to determine the learner's state and proposes future research
directions based on these findings.

2 Method

2.1  Participants

Twenty-two medical residents (fourteen males and eight females) in South Korea participated in the experiment.
The average age was 25.60 (SD=1.33). The within-subjects design allowed all participants to experience three
scenarios of XR-based training simulation.

2.2 Experiments Contents: XR-based Simulation

The XR-based simulation aimed to diagnose pediatric patients with strabismus using holograms. Participants
examined virtual patients and diagnosed strabismus by evaluating changes in the eye. The strabismus diagnosis
simulation comprised three scenarios, and each process is shown in Figure 1. Firstly, the Ocular motility was
performed with a stick to test the patient's eye movements. Second, the cover-uncover test was conducted to
diagnose strabismus and types of strabismus while covering the eyes. Finally, the Prism test was performed to
diagnose the degree of strabismus using a prism. In particular, the real prism tool could be practiced for holding
the prism tool with the correct posture during the prism test. Each scenario lasted between 2 to 3 minutes to
complete.

Fig. 1. Three simulation scenarios: left: Ocular motility test, middle: Cover uncover test, right: Prism cover test.

2.3 Variable

Table 1 shows the types of multimodal data and variables collected. Gaze information and the head position of
the user were used to measure the user’s attention and cognitive load [7, 12, 14]. The hand position and interaction
with the 3D object were used to check the accuracy of the diagnostic performance and skills, as shown in Figure
2 [8,13]. Figure 3 shows the process of data collection.

Table 1. Multimodal data types.

Dependent variable Multimodal data
H

Attention / Cognitive Load cad
Gaze

Diagnostic Hand

Correct Position Object
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Fig. 3. The process of data collection.

24 Data Collection

Hand, head, and gaze data was extracted using HoloLens Pro 2 devices. In addition, object interaction data was
extracted using data from participants interacting with real objects. Fig. 2 shows the data extraction flow from the
interaction phase to the Excel spreadsheet. When using the prism, the back side of the prism had to be
perpendicular to the patient’s visual axis. Otherwise, the patient’s angle of view could be diagnosed incorrectly.
All the multimodal data were extracted at a rate of 30 times per second.

3 Results
Table 2. Structure of Multimodal Data.
Dependent Multimodal Extracted data Number of
variable data subfactors
Head Head positon(x,y,z),Head rotation(x,y,z,w), g
Attention / Head_tracking(state)
Cognitive Gaze Gaze origin(x,y,z),Gaze_direction(x,y,z),
Load Gaze hit_position(x,y,z), 12
Gaze hit normal(x,y,z)
. . Hand Hand joint left, Hand joint right 98
Diagnostic , B - -
Correct Object Object_grab(stick, cover, prism),
Position interaction Object_try(stick, cover, prism), 9

Object time(stick, cover, prism)

Table 2 shows the extracted multimodal data and the number of categories. Head data comprised eight sub-factors:
head position (x,y,z), head rotation (x,y,X,z), and head tracking (state). Gaze data included a total of twelve sub-
factors: gaze origin (X,y,z), gaze direction (Xx,y,z), gaze hit position (x,y,z), and gaze hit normal (x,y,z). Hand data
consisted of ninety-eight hand joint positions. Object data included nine sub-factors: stick grab valid, stick try
number, stick try time, cover grab valid, cover try number, cover try time, prism grab valid, prism try number,
and prism try time.



4 Conclusion & Discussion

This study proposes using multimodal data extracted from head, gaze, hand, and object interactions to identify
cognitive load, attention, and performance levels in XR-based training simulations. Multimodal data can confirm
information such as how much the user pays attention to the learning task during the training process, the level of
cognitive load experienced by the user, and the accuracy of the user’s performance in skill training with the target
skill object. The results of this study are expected to provide baseline data for the development of a program that
predicts learners' performance state and provides appropriate feedback in the context of learning analytics based
on artificial intelligence technology like deep learning and machine learning [14].
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