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Figure 1: A use case example of V-DAT (Virtual Reality Data Analysis Tool). Autistic people can experience VR training
content, and autism experts can provide sensor data-based training analysis results to autistic people in a holistic manner. The
visualizations of the four sensor modalities collected from the VR content are provided, synchronized with the training video.

ABSTRACT

Virtual reality (VR) has become a valuable tool for social and edu-
cational purposes for autistic people, as it provides flexible environ-
mental support to create a variety of experiences. A growing body
of recent research has examined the behaviors of autistic people
using sensor-based data to better understand autistic people and
investigate the effectiveness of VR. Comprehensive analysis of the
various signals that can be easily collected in the VR environment
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can promote understanding of autistic people. While this quanti-
tative evidence has the potential to help both autistic people and
others (e.g., autism experts) to understand behaviors of autistic
people, existing studies have focused on single signal analysis and
have not determined the acceptability of signal analysis results
from the autistic person’s point of view. To facilitate the use of
multiple sensor signals in VR for autistic people and experts, we
introduce V-DAT (Virtual Reality Data Analysis Tool), designed
to support a VR sensor data handling pipeline. V-DAT takes into
account four sensor modalities—head position and rotation, eye
movement, audio, and physiological signals—that are actively used
in current VR research for autistic people. We explain the charac-
teristics and processing methods of the data for each modality as
well as the analysis with comprehensive visualizations of V-DAT.
We also conduct a case study to investigate the feasibility of V-DAT
as a way of broadening understanding of autistic people from the
perspectives of both autistic people and autism experts. Finally, we
discuss issues with the process of V-DAT development and comple-
mentary measures for the applicability and scalability of a sensor
data management system for autistic people.
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1 INTRODUCTION

Virtual Reality (VR) provides a flexible environment that allows
users to experience immersion without spatial or temporal con-
straints. By virtue of this, most recent VR studies have focused on
its use for specific purposes, including vocational education (e.g.,
industrial field practice, medical surgery practice, and firefighter
training) and personal competency improvement (e.g., interview
or presentation skills) [6, 30, 63, 66]. VR users can reflect on their
behaviors and decisions and receive feedback on them through
repetitive learning of training/education programs [32].

Such opportunities have been extended to autistic people ! [12,
25]. Autism is a complex developmental condition involving social
interaction challenges with specific patterns of repetitive behav-
iors [4]. Research on autistic people has developed various types
of VR content to support self-help skills (e.g., activities of daily
living skills [2, 43, 60] and driving [19]) or social skills (e.g., facial
expression recognition [8, 16], job interview [63], and social inter-
action [33, 55, 64]) needed to support one’s social independence.

Recently, studies on autism have started to consider body re-
sponses (e.g., physiological signals, body/head movement, and eye
movement) of autistic people during VR experiences and employ
the data to analyze and model various aspects of their behaviors
or conditions [21, 28, 55]. For example, studies have considered
changes in the autistic user’s eye movement (e.g., focus point and
gaze movement) based on the data collected from an eye-tracking
device, those in users’ head or body movement collected from
a head-mounted display (HMD) or a tracker, and those in users’
physiological signals (e.g., electrodermal activity (EDA) and blood
volume pulse (BVP)) collected from a wearable device while the
user interacts with VR content [7, 8, 42, 55, 60]. Furthermore, with
the collected data, studies have tried to understand the relation-
ships between the collected sensor data and several user aspects,
such as stress, engagement, and anxiety, through data-driven analy-
sis [9, 35, 60, 72]. These findings can help understand design choices
in the virtual environment and improve VR content and systems
better suitable for autistic people.

Despite the potential benefits, there are several challenges in
using VR technology as a tool that gives autistic people a better
understanding of themselves and the opportunity to advocate for
themselves. To accurately interpret behavior patterns, it is crucial
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to understand the types, collections, and analysis methodologies
of data that represent every observable response to internal and
external stimuli. Many recent studies on VR for autistic people have
proposed methods to utilize and analyze various types of sensor
data [1, 7, 8, 42, 50, 55, 56, 67, 72, 74]. However, previous studies
have only collected and analyzed one or two sensor modalities.
Even studies that collected two sensor modalities analyzed the data
from each modality individually, without systematically integrating
the fragmented sensor signals. Although focusing on a single data
modality yields valuable research insights for understanding autis-
tic people, VR technology offers convenient access to multiple data
modalities via a standard HMD and an additional device that poses
no inconvenience to autistic people. By comprehensively analyzing
multiple types of data in the same VR session, we can gain a more
holistic understanding of the unique characteristics of each modal-
ity and explore ways to better leverage sensor data to understand
autistic people. It is thus important to collect sensor signals that
are accessible from the device as autistic people interact within
the VR training content, examine the relationship between each
signal, and present comprehensive analysis results to the training
participants, autism experts, and other neurotypical people. This
approach would give autistic people the opportunity to reflect on
their behaviors/conditions and advocate for themselves with more
evidence. Moreover, this would allow experts to gain a deeper un-
derstanding of the behavioral characteristics that emerged during
the training and to support the improvement of challenging be-
haviors of autistic people from diverse perspectives. Despite the
research and clinical significance, there has been little research
into building a pipeline that addresses multiple data modalities for
autistic people in the context of VR.

In this paper, we present V-DAT (Virtual Reality Data Analysis
Tool), which is integrated with a pipeline for handling and analyz-
ing data collected from autistic people (Figure 1). V-DAT deals with
four representative data types — head position and rotation, eye
movement, audio, and physiological signals — that have been widely
used in prior VR studies for autistic people [1, 7, 8, 35, 41, 42, 74].
V-DAT is designed to not only collect and store the data but also
comprehensively visualize and analyze the data. We provide a de-
tailed explanation of the sensor data used in VR research and the
structure and characteristics of V-DAT. Moreover, through a case
study of 20 autistic people, we empirically demonstrate the feasible
use of V-DAT and discuss the applicability of V-DAT in clinical
settings with autism experts.

Our work has the following contributions:

e We articulate the characteristics, management, feature ex-
traction, and analysis methods for the data from the four
sensor modalities most widely used in VR research for autis-
tic people.

e We present V-DAT, which aims to provide a comprehensive
analysis of sensor data collected during the VR experience of
autistic people for autism experts’ effective clinical judgment.

e We demonstrate the effectiveness of the design of V-DAT
in eliciting quantitative evidence of user experience in VR
that is helpful to autistic people and experts and discuss key
elements for using the VR sensor data handling pipeline.
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In summary, V-DAT aims to provide key information on the use
of multimodal sensor data in a VR environment. It is expected that
the data handling pipeline by V-DAT will help autism experts who
wish to study data provided by sensors and VR as a tool to examine
sensor patterns, prepare data analysis methods, and expand their
understanding of autistic people. If the basic framework of research
is established by V-DAT, autism experts and other neurotypical
people will have an opportunity to broaden their understanding of
autistic people and expand their studies by considering additional
sensor data modalities or developing new visualizations.

2 RELATED WORK

2.1 Sensor Signals Used in VR for Autistic
People

Much research has been conducted using various types of sensor
data to understand autism characteristics and challenging behav-
iors better through VR systems. In this section, we summarize four
types of sensor data commonly used in many VR studies for autis-
tic people: head position and rotation, eye movement, audio, and
physiological signals (see Table 1 for details). We also highlight the
need to establish a sensor data handling pipeline in VR research.

2.1.1  Head position and rotation. Head position and rotation repre-
sent the user’s physical head in the virtual space through the 3-DoF
(degree of freedom) position and rotation. This data can be obtained
from an HMD. Head movement has been employed as an important
feature that shows autistic people’s unique characteristics when
experiencing VR content that requires social communication and
interaction skills. For example, Simdes et al. [61] collected head po-
sition data to compare the interpersonal distance of autistic adoles-
cents to that of their typically developing peers. The results demon-
strated that autistic adolescents had difficulties perceiving loss of
non-verbal communication (e.g., body gestures) that caused the
changed regulation of interpersonal distance. Similarly, Robles et
al. [55] identified that head movement was a significant biomarker
and developed a machine learning model to screen autism using
head movement as one of the main features.

2.1.2 Eye movement. Eye-tracking data are generated based on
the movement of the pupil of the eyes. Some devices used for this
purpose include Tobii 2 and Pupil labs 3. Recently, some HMD,
such as HTC Vive Pro Eye * and Meta Quest Pro ° have begun to
support eye-tracking. Eye-tracking data from autistic people in VR
offer ample opportunities, allowing researchers to more accurately
notify the diverse socially challenging moments for autistic people
through analysis of the region of interest (ROI). Eye-tracking data
help researchers better understand their characteristics and find
ways to improve autistic people’s social skills by examining the
interaction between the autistic person and the objects and content
in the VR environment [1, 7, 8, 42, 50, 55, 56, 67, 72, 74]. Using eye-
tracking data, Bekele et al. [8] confirmed a difference in how autistic
people process and recognize emotional faces. Lahiri et al. [42]

https://www.tobii.com/

3https://pupil-labs.com/
4https://www.vive.com/us/product/vive-pro-eye/overview/
Shttps://www.meta.com/quest/quest-pro/
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developed a VR system that supports social skill improvement for
autistic people.

2.1.3  Audio. Audio data provide a meaningful perspective in re-
flecting the user’s experience [15, 48, 69, 70], as each user’s auditory
stimuli may differ even when using the same VR content. With the
increasing prevalence of Al technology, audio data can be presented
or embedded in 2D space and used as input vectors for developing
machine/deep learning models. Audio data can be collected through
a microphone built into the HMD and is primarily useful from an
interaction perspective. For example, the data can be used as an
index to evaluate the quality of education and simulation by using
voice data from an autistic user who is communicating with a vir-
tual agent [35, 63, 73, 74]. This is useful in the case of, for example,
validation and prediction of a VR simulation designed to mitigate
public speaking anxiety and improve social interaction skills.

2.1.4  Physiological signals. In ubiquitous computing, much re-
search has been conducted to collect physiological signals, such as
EDA and heart rate (HR), from autistic people using sensor equip-
ment [20, 22, 58, 68]. Some of the most commonly used devices for
this purpose include the Empatica E4 wristband ©, Fitbit 7, Bital-
ino 8, and smartphones. Schoen et al. [58] confirmed that EDA is
valid indicator of arousal and sensory reactivity in autistic children.
Daluwatte et al. [20] demonstrated a significant negative corre-
lation between pupillary light reflex constriction amplitude and
average HR in autistic children. Ward et al. [68] used EDA to induce
social engagement in a specifically designed theatrical workshop.
Fenning et al. [22] demonstrated that the greater the magnitude of
EDA variability, the higher the severity of autistic children.

Research on autism in VR has started to adopt sensor equipment
to identify the relationship between physiological signals and VR
users’ perceptions (e.g., stress, valence, and anxiety) [1, 9, 60]. For
example, Adiani et al. [1] analyzed the valence and stress level
during VR job interview training content based on EDA and BVP.
Simdes et al. [60] investigated the anxiety moments of autistic adults
during the bus-taking routine using EDA. Bian et al. [9] inferred
the driving engagement of autistic people based on physiological
signals, including BVP, HR, EDA, and breathing rate (BR).

2.1.5 Other physiological signals. There have been studies using
other physiological signals to understand the characteristics of autis-
tic people. For example, Zhang et al. [72] collected BR, BVP, EDA,
skin temperature (TMP), electrocardiograph (ECG), electromyog-
raphy (EMG), and electroencephalography (EEG) to measure cog-
nitive load during driving. The participants wore a wireless EEG
collection headset and tracking devices on their fingers and wrists
while experiencing a VR driving simulation. Bekele et al. [7] col-
lected physiological signals with similar additional sensor devices
on the fingers and head while autistic people experienced VR social
interaction content. Such inclusive sensors can provide researchers
with participants’ additional body response information. However,
given the sensory issues of autistic people [4, 37, 45], participants
may feel excessive sensory discomfort wearing all possible sensor
equipment during the VR experience [11]. This will undoubtedly

®https://www.empatica.com/research/e4/
https://www.fitbit.com/
8https://bitalino.com/
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Table 1: Summary of prior VR studies that employed sensors to understand autistic people (H: Head position and rotation, E:

Eye movement, A: Audio, and P: Physiological signals).

Authors Year | Summary H A
Adiani et al. [1] 2022 | Job interview training system for autistic people using physiological signals and eye gaze-based stress detection module

Robles et al. [55] 2022 | System for screening and classification of autism based on head movement, hand rotation, and eye gaze (©)

Simdes et al. [61] 2020 | Investigating interpersonal distance of autistic adolescents based on head position data

Zhang et al. [73] 2020 | Collaborative virtual environment for assessing of social communication in autistic adolescents [©)
Bian et al. [9] 2019 | VR driving simulator for autistic people by inferring one’s engagement based on physiological signals o
Simdes et al. [60] 2018 | System for training bus-taking routines of autistic adults based on physiological signals

Zhao et al. [74] 2018 | System for improving communication skills of autistic children with a social interaction platform o0

Fan et al. [21] 2017 | Group-level classification models to recognize affective states and mental workload of autistic people o
Zhang et al. [72] 2017 | System for measuring cognitive load of autistic adults during driving based on eye-tracking data and physiological signals (©) o
Bekele et al. [7] 2016 | Adaptive social interaction VR environment for social training of autistic people

Mundy et al. [50] 2016 | Analysis of information processing during joint attention in autistic children based on eye-tracking data

Kuriakose & Lahiri [41] 2015 | Analysis of social communication skills in autistic people based on physiological signals during menu ordering tasks o
Saiano et al. [56] 2015 | System for training street crossing and path following of autistic adults based on eye-tracking data ©)
Hernandez et al. [28] 2014 | SVM model to identify engagement in autistic children during social interaction by using a wearable sensing device

Wade et al. [67] 2014 | System for assessing driving in autistic adolescents based on eye-tracking data and physiological signals o o
Bekele et al. [8] 2013 | Analysis of eye-tracking data for emotional expression patterns of autistic people and general adolescents

Lahiri et al. [42] 2012 | System for improving social skills by measuring the task engagement level of autistic people based on eye-tracking data o

reduce the reliability of the collected sensor data. Thus, carefully
considering autism characteristics, we focused on the most repre-
sentative sensors and reaffirmed that the sensor coverage of V-DAT
is sufficient through expert interviews.

Based on the review of prior VR research, we selected these four
types of representative sensor data—head position and rotation,
eye movement, audio, and physiological signals (EDA, BVP, HR,
TMP, and inter-beat interval (IBI)). This paper aims to construct
a VR sensor-based, multimodal data handling pipeline and design
a support system, V-DAT, that integrates and manages such data.
Our goal is to examine how V-DAT provides autistic people an
opportunity to reflect on their behaviors and helps autism experts
understand autistic people through quantitative evidence.

2.2 Analysis of Multimodal Sensor Data for
Autistic People

In a traditional (non-VR) environment, studies that collect multi-
modal sensor data from autistic people and monitor specific factors
are mainly conducted in the physical and mental healthcare do-
mains [1, 7, 35]. However, compared to other research domains (e.g.,
ubiquitous computing) that utilize various types of sensor data in
real-world settings and have established data management pipelines
from a sheer amount of research outcomes [24, 46, 49, 57], relatively
little research has been conducted to investigate and present such a
pipeline in VR. In particular, these pipelines are more necessary for
autistic people in that integrating and providing analysis results
for multimodal sensors is effective in understanding the challenges
they face and advocating for themselves during VR content experi-
ences.

Furthermore, these sensors differ in type, purpose, output signal,
underpinning theoretical principles, and technical infrastructure.

Thus, the separation and independence of the data could lead to
inconsistency in (1) the selection of data on measuring user charac-
teristics and behaviors, (2) the processing of data on the sampling
frequency, synchronization, standardization, or feature engineer-
ing, and (3) the methods of analysis that consider characteristics of
the collected data across studies. These are important for autism
experts (e.g., clinicians, caregivers, and researchers) who want to
leverage such data-driven methodologies along with quantitative
evidence to expand the characteristics of autistic people, and neu-
rotypical people who want to better serve the needs of autistic
people. By establishing a sensor data handling pipeline, these issues
of methodological reproducibility and data transparency can be
mitigated, and the direction of future studies that employ sensor
data can be better determined.

In this paper, we introduce V-DAT, which is intended to help
autism experts collect, manage, and analyze data from VR via a
web-based interface. V-DAT provides comprehensive visualizations
of sensor modalities along with a training video, allowing autistic
people to reflect on themselves with quantitative evidence. With
V-DAT, autism experts can quickly examine the validity of training
tasks and autistic participants’ challenges, and discover new oppor-
tunities to better understand and support autistic people based on
analysis results.

2.3 Computer-based Tools for Autism

Previous studies have demonstrated the effectiveness of a range of
tools used by autistic people and clinicians to support training, diag-
nosis, and analysis. These tools include a clinician-parent commu-
nication tool [40], a data analysis tool [38], a caregiver-supporting
tool [31], and job interview simulators [3, 14]. For instance, Kim et
al. [38] employed BEDA, an analysis tool that addresses challenges
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of analyzing physiological and behavioral data by integrating anal-
ysis tasks, thereby improving data analysis and encouraging the
combination of physiological measures with behavioral analysis. Jo
et al. [31] proposed GeniAuti, a mobile-based data collection tool
that helps caregivers document challenging behaviors and relevant
contextual information, facilitating collaboration with clinical ex-
perts to develop tailored intervention strategies for autistic children.
Breen et al. [14] implemented a data visualization dashboard based
on a VR interview simulator with the aim of improving employ-
ment opportunities for autistic people. This tool provides analysis
of visual attention data during job interviews, helping to overcome
discomfort with eye contact.

However, it is worth noting that there are few computer systems
that can effectively handle multimodal data, provide comprehensive
visualized analysis, enable autistic people to reflect on their behav-
iors, and help autism experts make evidence-based decisions about
diagnosis. Moreover, due to the lack of appropriate computer tools,
most hospitals and autism care centers still rely on manual proce-
dures to measure and assess the behavior of autistic people [35].
V-DAT can fill this research gap by analyzing sensor data that re-
flect the VR experiences of autistic people and facilitating effective
clinical judgment.

3 V-DAT: DATA HANDLING PIPELINE

V-DAT is a system that is integrated with a pipeline for handling
data collected from autistic people. To support this, we constructed
a pipeline with the following two modules: (1) data collection con-
sidering different collection methods for each sensor modality and
(2) data processing considering processing and synchronization
methods suitable for each sensor modality of different data types.
Algorithm 1 shows the VR sensor data handling pipeline supported
by V-DAT.

3.1 Data collection

According to the VR content design guideline for autistic peo-
ple [11], given their sensory issues [4, 36, 37], the wearing of equip-
ment must be simplified and complex interactions within the virtual
environment must be excluded for their effective VR experience.
Therefore, based on iterative discussions with autism experts and
the guideline, we used an HMD (HTC Vive Pro Eye) to collect head
position and rotation, eye movement, audio, and an Empatica E4
wristband to collect physiological signals. We applied OpenVR to
Unity3D, an API and runtime that made it easy for users to access
HMD. Table 2 shows the main features of each of the four sensor
modalities.

We investigated and selected the data collection methodology
suitable for each modality since each one requires different program-
ming packages and functions for data collection. V-DAT collects all
data types at 90 Hz intervals, following the default setting of the
HTC Vive Pro Eye.

3.1.1 Head position and rotation. We measured the head position
and rotation using only the HMD through scripts provided by
OpenVR, following many previous studies [2, 13, 51]. The head
position includes x (left-right), y (up-down), and z (front-back)
values. There are three types of head rotation: roll, pitch, and yaw.
Roll is the rotation to the x-axis and refers to the movement of the
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Algorithm 1 V-DAT: Data Handling Pipeline

1: procedure DATACOLLECTION(m) > m stands for modality
2 if m == head movement then

3 Use OpenVR script

4 else if m == eye movement then

5 Use Eye Tracking SDK from Vive

6 else if m == audio then

7 Use AudioModule implemented in UnityEngine

8 else if m == physiological signals then

9 Use E4 Streaming server and communicate TCP/IP

10: end if
11: end procedure
12: procedure DATAPROCESSING(cm) » cm stands for collected m

13: if cm == eye then

14: Use Tobii XR SDK

15: if g == ROI, then

16: Send conflict signal n

17: end if

18: else if cm == audio then

19: Set empirical anomaly points of dBFS
20: if v < X or v > x then

21: Filter inappropriate voice

22: end if

23: else if cm == physiological signals then
24: Use MS Azure API to detect anomaly points
25: end if

26: end procedure

head (+/-: nodding forward/tilting one’s head back). Pitch is the
rotation to the z-axis and refers to the tilt of the head to the left
or right (+/-: tilting head to the left/right). Yaw is the rotation to
the y-axis, turning the face left or right and looking around (+/-:
standing upright and looking to the right/left).

3.1.2  Eye movement. Researchers often use an eye-tracker to col-
lect various types of information as follows: eye gaze origin (the
point from which the gaze ray of the eye is generated based on the
center of the cornea), normalized gaze direction (expressed as a
combined normalized vector for the direction of the eyes), pupil
diameter, eye openness, and pupil position (the position of the pupil
within the sensor area in which eye movement is tracked) [7, 8, 42].
The following features can be collected from Eye and Facial Track-
ing SDK provided by Vive °.

3.1.3 Audio. Most VR HMDs have a built-in microphone, and
the sound input to this microphone can be recorded through the
microphone class of Unity. When this class is assigned to the audio
source component, audio data can be collected.

3.1.4  Physiological signals. Physiological signals, including EDA,
BVP, HR, TMP, and IBI, are commonly used in VR research for
autistic people. We used the E4 wristband to collect physiological
signals, but other devices can also be adapted to V-DAT if their data
is accessible from those devices. To collect physiological signals
while a user experiences VR content, we linked Unity3D and an E4
wristband. The E4 streaming server provided by Empatica enables

“https://bit.ly/310941H
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Table 2: The main focus and required technical skills of each collected sensor modality to understand autistic people better.

Sensor Focus Technical skills
Head Awkward or excessive interactions with virtual avatars Extracting head movement by collecting head position and
movement | and the environment rotation with OpenVR
Eye The degree of eye contact and duration when interacting | Extracting ROIs by Tobii G20M and collecting the gaze direction
movement | with virtual avatars with Eye Tracking SDK

Voice volume control when communicating with

Voice .
virtual avatars

Separating non-silence chunks from wav files and extracting
voice volume

signals reactions (e.g., anxiety)

Physiological | Training moments that exhibit abnormal physiological

Collecting with E4 streaming server and extracting anomaly
points using MS Azure anomaly detector

data collected by the E4 wristband to be transmitted to other engines
(e.g., Unity and UNREAL) through TCP/IP communication. For
data collection, we set Unity3D as a client. EDA represents the
gradual changes in an individual’s arousal level or the immediate
changes in arousal level often elicited by momentary stimulus [28,
53]. TMP was measured using the infrared thermopile sensor in
the E4 wristband, which converts infrared energy radiated from
the skin into electrical signals. BVP is an initial value used for
calculating IBI and HR and is collected by a photoplethysmograph
(PPG) sensor. IBI is obtained by detecting a peak of BVP and then
calculating the interval between adjacent peaks. HR can be obtained
by dividing the IBI value by 60.

3.2 Data processing

3.2.1 Head position and rotation. Some autistic people may repeat
certain words or actions (e.g., head/body rocking), such as stim-
ming, which is an action that produces certain sensory stimuli on
its own, and exhibit behavioral characteristics that may seem rela-
tively exaggerated [4]. In our study, this aspect is related to head
movement data. If we rely on the anomaly detection algorithm (see
Section 3.2.4 for more details on the algorithm) for these data, we
may end up with having many anomaly points that are not really
abnormal but the natural head movement of autistic people. For
this reason, we decided not to use any normalization or anomaly
detection algorithm, but to use the raw signals for the analysis. This
is expected to allow autism experts or autistic people to interpret
the result together with other analysis results provided by V-DAT.
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(a) (b)
Figure 2: (a) Gaze depth and (b) Region of Interest (ROI).
Gaze depth was measured based on the field of view of a VR
training participant.

3.2.2 Eye movement. A gaze direction, one of the collected eye
movement raw data, refers to gaze depth information (Figure 2-(a))
as viewed by a user. Obtaining depth information is essential for
accurately portraying the user’s visual information because objects
can overlap in one direction of 3D space [17]. ROl is defined based
on gaze depth information. To measure eye contact, we used ROI

and set the faces of virtual avatars in the training content as ROL
Tobii XR SDK !° provides information about objects by accurately
tracking ROI through these algorithms. We then used the Unity 3D
box collider (Figure 2-(b)) to measure whether the user is gazing at
the ROIL. V-DAT stores specific signal data when the tracked object
matches the object set by the researcher (Equation 1).

csig) = {° if, g # ROI, W
Y =0 ifg=rol,

where CS(g) is a conflict signal function, and g is the gaze point
of a user. ROI, is the n number of ROIs defined by the researcher.

3.2.3  Audio. We extracted the total length of the sound, decibels
relative to full scale (dBFS), and the number of non-silence chunks
from the recorded audio. The dB concept is used by comparing
the amplitudes of the two audio signals, and the dBFS is derived
from dB. In a digital environment, the clipping (a form of waveform
distortion) point and the amplitude of the acceptable signal varies
depending on the microphone. Clipping occurs when the amplitude
of the adequate signal is exceeded. The amplitude of the clipped
signal is set to 0 dBFS. Thus, the amplitude of the dBFS was always
a negative number [39, 59]. The formulas for dB and dBFS are as
follows.

Al
dB = 20l — 2
og10 (2

A
dBFS = 20l —_— 3
0g107 (3

where A1 and A2 are the amplitudes of the two audio signals to
be compared. A is the amplitude of the signal to be measured, and
Max is the maximum amplitude in a specific digital environment.

V-DAT uses dBFS to check the user’s voice volume. We used
the Python library, pydub 1, to analyze dBFS-based audio data.
By using this, we could divide the utterance and silence parts and
analyze the volume of the voice. We empirically checked dBFS from
-80 to -20 and set -45 dBFS as the threshold for determining whether
it is silent or not, which best extracts the spoken words as well as
the murmur and filler words (e.g., um, uh, ah, and okay).

We checked the number of utterance chunks by dividing the
silence and utterance parts. We also analyzed the cases where the
user’s voice was either “too small” or “too loud” for each chunk. To
do this, the four researchers rehearsed the training scenario and
established upper and lower dBFS limits of voice volume that were
considered appropriate for social interaction.

Ohttps://developer.tobii.com/xr/solutions/tobii-g2om
Uhttps://pypi.org/project/pydub/
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Figure 3: The V-DAT web interface for data visualizations, which consists of two sections (left: training video, right: visualiza-
tions). It provides the visualizations of four sensor modalities: (a) head position and rotation, (b) eye contact, (c) voice, and (d)
physiological signals. With V-DAT, autistic people and experts can review training results by combining synchronized video
and visualizations. The timeline flag (yellow vertical line) on the graph is synchronized with the video. The overall introduction

of V-DAT is available at: https://youtu.be/qH6f5-jtjgk.

s< X, foralls > sup(0) 4)

x <1, foralll > sup(6) (5)

where s is small voice volume and [ is loud voice volume. X is
-35 dBFS, which refers to the least upper bound (supremum) for
identifying small voice. x is -15 dBFS, which refers to the greatest
lower bound (infimum) for identifying loud voice. 6 is a set of
silence and sup(0) is -45 dBFS, which refers to the upper bound for
identifying silence.

3.2.4  Physiological signals. Message from E4 streaming server con-
sists of data type, timestamp, and data value. V-DAT extracts and
uses only data value from the message.

V-DAT employs the MS Azure API service 2, widely used in
anomaly detection through multivariate regression using body re-
sponses [54, 75]. This service captures the time point where abnor-
mal physiological signals occur. Five types of sensors, including
EDA, BVP, HR, TMP, and IBI, are passed to the anomaly detection
API. The API then returns abnormal time points detected in any
of the signals. V-DAT displays those points on the visualization,
which allows autism experts to use those results as supplementary
materials for their analysis.

2https://bit.ly/3CAle19

3.2.5  Synchronization of four sensor modalities. Synchronization is
necessary when collecting different sensor modalities for utilization.
Data extracted from the HMD (i.e., head position and rotation, ROI,
and voice volume) have the same timestamp information, but data
collected from the E4 wristband have a separate timestamp. To map
the data from different devices to the same timeline, V-DAT uses
Flask [27], a web framework. In addition, the E4 streaming server
receives only one message per physiological signal and does not
send data for some signals when requested simultaneously. Thus,
V-DAT requests a message with a time interval between signals to
ensure that all data is received intact before VR content starts.

4 V-DAT: WEB INTERFACE

V-DAT was designed to support multimodal sensor data collection
and analysis in a VR environment. The representative functions of
V-DAT include the collection and management of data by communi-
cating with sensing devices, synchronization between data modali-
ties, and visualization interfaces suitable for each data characteristic.
Through V-DAT, we provide the visualizations of sensor modalities.
The design rationales of V-DAT ’s visualizations were based on the
following two key characteristics of autistic people [26, 36]. First,
autistic people often struggle to concretize their experiences, mak-
ing it quite challenging to achieve self-awareness of their strengths
and weaknesses only through a simple video replay. Second, autistic
people tend to be more receptive to evaluation and feedback based
on objective and quantitative data.


https://youtu.be/qH6f5-jtjgk
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Based on these design principles, we finalized the visualization
methods considering the diagnostic processes used by autism ex-
perts. The head position and rotation section displays raw signal
changes over time, and the physiological signals section further
shows anomaly points in raw signals. The sections for eye contact
and voice visualize the characteristics of autistic people identified
in previous studies (e.g., difficulty in making eye contact during
communicating and difficulty in adjusting voice volume in public
settings) [4, 29, 35].

4.1 Head position and rotation

We provide the visualizations of the head position and rotation so
that autistic people and autism experts can easily accommodate the
information provided by V-DAT without a deep understanding of
raw sensor data (Figure 3-(a)). In V-DAT, the values for the head
position x, y, and z are seen as movements in the direction of “left-
right,” “up-down,” and “front-back,” respectively. Similarly, the head
rotation roll, pitch, and yaw values are seen as “head nodding,” “head
tilting,” and “head shaking,” respectively. In addition, depending
on the type of data to be explored in detail, each visualization
is implemented to enable/disable the desired configuration (e.g.,
visualization of head nodding only or of head nodding and shaking
together).

4.2 Eye contact

Autistic people avoid active eye contact. When it happens, they
look confused and anxious [4]. Based on this, V-DAT intuitively
visualizes how properly autistic people made eye contact when
interacting with avatars in a VR environment. The timeline boxes
in Figure 3-(b) show the proportion of eye contact during the phase
in which autistic people are asked to interact with virtual avatars.
By clicking on each timeline box, autism experts can review all the
video frames where autistic people made eye contact with virtual
avatars.

4.3 Voice

In V-DAT, voice below -35 dBFS is considered “too small,” while
voice above -15 dBFS is considered “too loud.” This range is found to
be appropriate to determine whether the autistic people are speak-
ing with an appropriate voice volume (Figure 3-(c), this range can
be changed depending on an expert’s decision). The green/yellow
lines represent the upper/lower dBFS limits of voice volume, re-
spectively, and a red dot indicates a non-silence chunk identified
as “too loud” (above the upper limit). Through this visualization,
autism experts can review how often an autistic participant speaks
excessively loud or softly in social interaction situations during
training and suggest effective interventions to improve the related
challenging behaviors.

4.4 Physiological signals

V-DAT provides trends in physiological signals and marks anomaly
points with red dots using the MS Azure API service 1. In addi-
tion, V-DAT allows for simultaneous review of the training video
and physiological signal trends. As a result, the changes in the five

Bhttps://azure.microsoft.com/en-us/products/cognitive-services/anomaly-detector
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Figure 4: The procedure of the case study. After familiariz-
ing the equipment, the participants attended the training
sessions. We asked the participants to complete the survey
and attend the review sessions. Finally, we conducted expert
interviews to gather feedback on V-DAT from an expert’s
perspective.

physiological signals (EDA, BVP, HR, TMP, and IBI) can be exam-
ined through the corresponding visualization and with the video
synchronized by time (Figure 3-(d)).

5 CASE STUDY WITH AUTISTIC PEOPLE

To examine how autism experts can review and understand autistic
people’s training experience through V-DAT, we conducted a case
study with 20 autistic people. We then interviewed five autism
experts to acquire their insights and advice on how V-DAT could be
used for clinical sessions in hospitals or centers for autistic people
in the future. Figure 4 shows the overall study procedure of the
study. Our study was approved by the Institutional Review Board
(IRB) at the author’s institution (B-2102-664-301, B-2202-736-302).

5.1 Participants

We spent eight months (from October 2021 to June 2022) recruiting
20 autistic adults (male = 16, female = 4) by distributing leaflets to
public healthcare organizations, having sessions with autistic peo-
ple, and posting recruitment notices on online autism community
websites. Although the gender ratio of participants recruited was
somewhat imbalanced, it was in line with that of a previous study,
which estimated that there were approximately about four times as
many autistic males as autistic females [47]. The inclusion criteria
for participation were (1) 18 years of age or older, (2) diagnosed with
autism by medical experts, and (3) capable of understanding the
purpose of the study and independently participating in the study
without assistance from parents or caregivers. We set the lower age
limit to 18 based on feedback from autism experts, considering that
the existing VR content is mainly designed for promoting social
independence, which is more needed for young adults. The age of
the autistic participants ranged from 20 to 39 years (mean = 26.46,
SD = 4.35).

All 20 autistic participants experienced the same VR training
content [35]. The content is a VR-based interactive social skills
training system for autistic people that was carefully designed to
reflect insights and feedback from autism stakeholders (i.e., autism
experts, parents of autistic children, and autistic adults) and to fol-
low design guidelines for autistic people [11]. The training content
places autistic people in an environment where, as barista assistants,
they need to understand given scenarios and interact with others.
They also joined the review session under the same experimental
protocols. After the case study, we gathered opinions from five ad-
ditional autism experts who were not involved in the initial design
process of V-DAT to receive objective evaluation and discuss their
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Table 3: Demographics of autism experts who participated
in interviews (“exp.” = “years of experience”).

Code | Gender | Age
E-1 Female 42
E-2 Male 39
E-3 Female 51
E-4 Male 33
E-5 Male 37

Job Description
Child & adolescent therapist (15+ exp.)
Child & adolescent psychiatrist (10+ exp.)
Child & adolescent therapist (25+ exp.)
Child & adolescent psychiatrist (5+ exp.)
Professor specialized in autism (10+ exp.)

overall feedback on V-DAT and its feasible use in clinical settings
in the future. Those experts have 5+ to 25+ years of experience
(Table 3).

We denote participant quotes using “P-X” that refers to “Participant-

Participant Number X For five autism experts, we denote their
quotes using “E-X” which refers to “Expert-Expert Number X

5.2 Study Procedure

Using V-DAT, participants experienced VR training content with
fully considered autism characteristics and participated in indi-
vidual face-to-face interviews with two researchers (one author
and one autism clinician). Participants initially responded to the
pre-survey, including the Perceived Self-Efficacy (PSE) scale (eight
items with a 5-point Likert scale) [71]. The PSE was used to evaluate
changes to self-beliefs in one’s social skills through VR training.
The items of the PSE were developed by referring to [52, 62, 65]
based on Bandura’s theory of perceived self-efficacy [5]. The partic-
ipants were then instructed about the training content. After being
given as much time as they needed to familiarize themselves with
the equipment, they started the VR training. Before the experience,
we obtained their consent for the study and informed them that
any recorded content could be deleted if they wanted.

The interview was led by the clinician of our research team. The
participants were asked to answer an open-ended question about
the overall user experience of how effective the comprehensive
display of collected data by V-DAT is in recognizing behaviors that
reflect their training and improve their challenging behaviors. Fi-
nally, the participants responded to the PSE scale as a post-survey.
To analyze the interviews, three authors of this paper indepen-
dently coded and compared the coded results to resolve the conflict
between the coders through repeated discussions. The Cohen’s
Kappa measurement [44] showed that each category scored higher
than 0.78 (max = 0.86, average = 0.81). Total session time, including
experience and training reviews, averaged 63 minutes, and expert
interviews averaged 48 minutes. The participants received $50 upon
completion of the user study.

5.2.1 VR training review sessions. We conducted an in-depth one-
on-one interview to collect participants’ feedback on V-DAT. We
provided four sensor data results (i.e., head movement, eye contact,
voice volume, and physiological signals) through V-DAT to under-
stand in detail the emotions and behaviors of autistic participants
in VR training. First, the clinician reviewed the training moments
identified as anomaly points with the participants. Next, through
the visualizations of eye contact and voice, he confirmed whether
the participants responded appropriately to the social situation. He
then continued to review additional check points considering each
participant’s characteristics (e.g., interest, severity, and problematic
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Figure 5: The survey results of the Perceived Self-Efficacy
(PSE) Scale (***p <0.001).

behavior). He finally asked the participants about how the data-
driven review session provided by V-DAT helped them examine
their training experiences.

5.2.2  Autism experts interviews. We reviewed the entire process of
V-DAT with five autism experts (two therapists, two psychiatrists,
and one university professor) and collected their feedback on the
interview responses from the autistic participants and the effective-
ness of V-DAT. Specifically, we asked (1) Does V-DAT add clinical
value to autism experts as well as autistic people?, (2) How reliable
and easy are the results of the data-driven analysis provided by
V-DAT?, (3) Is there any additional sensor-based information that
you think is necessary to effectively understand autistic people?,
and (4) Do you think V-DAT could be used in clinical settings?

5.3 Lessons learned from VR training reviews

The review session with the anomaly detection results and visu-
alization of V-DAT elicited a self-explanation of which part the
participants did well, which training scenarios they found challeng-
ing, and why they felt so. Participants reported that V-DAT allowed
them to review their training content and reflect on their behavior.
This positive perception was supported by the changes in the PSE
scores measured before and after the training. As shown in Figure 5,
the PSE scores significantly increased after the V-DAT experience
(before = 21.40, after = 32.20; #(38) = 2.73, d = 2.12, p <0.05). We also
noticed that the distribution of the scores was positioned above the
average in the post-session, whereas the proportion of the scores
below the average was high in the pre-session. This indicates a sig-
nificant improvement after the experiment. We used Cohen’s d to
assess the magnitude of differences between pre- and post-session,
with values of 0.20, 0.50, and 0.80 indicating small, medium, and
large effect sizes, respectively [18].

5.3.1 High reliability supported by comprehensive data visualiza-
tions. Participants reported that V-DAT was informative, as they
were able not only to evaluate their behaviors against criteria that
are commonly used/accepted in real life, but also to examine the dif-
ferences between the visualization results and their own thoughts.
Furthermore, they found the training analysis results of V-DAT to
be reliable, as the clinician thoroughly presented them with the
help of synchronized visualizations and a video. The high reliability
of the analysis results provided by V-DAT enabled the participants
to gain confidence in what they did well and to be aware of what
needed more practice.
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“[...] Some of the visualizations differed from what I
thought. I thought I did a good job in some scenarios,
but it actually needed more practice. Usually, I don’t
listen to my evaluations very carefully, but I was totally
persuaded by showing various evidence and explaining
it. Thanks to this review session, I learned more about
what I should pay more attention to before getting a job
(P-7).”

“T've often been scolded by my parents for speaking too
loudly in public or not making eye contact when talking
to someone. So, I was worried during this training that
my voice might have been too loud in some parts or that
I might not have made eye contact. However, I was able
to gain confidence after seeing the objective evidence
that I actually did quite well (P-15).”

5.3.2  Privacy concerns about possible data use. The participants
were mostly positive about the results of the sensor data analysis
and review session provided by V-DAT. Interestingly, some of them
wanted to be informed specifically about the use and disclosure of
their training videos or sensor data.

“Where else will the collected sensor data be used besides
today’s review session? Experiencing VR and reviewing
like this is personally helpful for me, so it’s okay to
review it with me, but I don’t want it to be used elsewhere
P-2).”

“[...] T’ll keep using this kind of training method unless
the results are shared with my family. This kind of
training seems to be mostly for adults. Since I'm an
adult, I don’t want to share anything like what I did or
didn’t do well during training (P-11).”

5.4 Lessons learned from expert interviews

Through the expert interviews, we reaffirmed the need for VR
training and the effectiveness of the visualizations of V-DAT to
better understand autistic people from a more diverse perspective.
Experts reported that wearing as little sensor equipment as possible
would support participants in more immersive training. We also
identified a possibility of using V-DAT for effective intervention
and treatment.

5.4.1 Data-driven clinical decision supporting tool. All experts gave
positive feedback on the VR training and V-DAT interfaces for autis-
tic people. They noted that the comprehensive visualization results
of V-DAT could help to confirm the difficulties and challenging
behaviors of autistic people, accurately identify the factors or envi-
ronments that cause them, and suggest more effective interventions
based on data-driven evidence. In addition, some of the visualiza-
tion results could be used to reduce human errors when studying
challenging behaviors in autistic people compared to conventional
protocols (e.g., reviewing the recorded video of social skills training
role-plays).

“Many people find it difficult to make eye contact and

have a lot of social anxiety. However, it’s quite limited

to knowing specifically what causes them to be ner-

vous and what physical or psychological changes occur

when anxiety is amplified. [...] Eye contact, voice, and
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excessive and awkward gestures are the tasks I usu-
ally observe or sometimes check with recorded videos.
This system enables repetitive VR training in a fully
controlled situation, visualizes, and provides training
results at a glance. A system like this would be helpful
and save me a lot of time (E-3, Therapist).”

However, some experts have pointed out that the practical use
of V-DAT may still be challenging for experts who lack VR and
computing knowledge/skills. In particular, they mentioned that
even though V-DAT’s data collection and visualization delivery is
automated without user input, it is difficult to deal with potential
problems that may arise during data communication and loading.

“VR equipment is being considered for use. However, I
think it is another problem actually to use such a system.
Other web-based systems used in our institution have
also had quite a lot of troubles because some data has
been collected with loss or because of poor loading. In
clinical settings, we typically have very limited time...
this does not just mean that we don’t know how to
address these issues, but also that we don’t have time to
resolve them directly (E-2, Psychiatrist).”

5.4.2 Bridging the gap between outpatient clinics and autism care
centers. Through interviews, we confirmed a gap between the doc-
tors (mainly psychiatrists) who run outpatient clinics and the ther-
apists in welfare centers who are more frequently confronted with
autistic people. The doctors reported that, due to the short time
available for outpatients, they had no choice but to focus mainly on
regular prescriptions or prominent problems such as severe emo-
tional anxiety and aggressive behavior. The therapists, on the other
hand, often observe the challenging behaviors of autistic people and
try various validated interventions for behavioral therapy (e.g., ap-
plied behavior analysis (ABA) [23] and video modeling). However,
the therapists find it difficult to identify the exact cause of challeng-
ing behaviors because their method lacks objective and quantitative
indicators. The therapists also mentioned that even some informa-
tion could help with further diagnosis and prescription; without
evidence, it is difficult for them to apply such information to the
clinical stage.

V-DAT could fill this gap in three ways. First, it could allow
doctors and therapists to quantitatively investigate the underly-
ing causes of challenging behaviors in autistic people. Second, the
results of the analysis, confirmed by therapists with quantitative ev-
idence from V-DAT, can be discussed to see whether the results can
be used to support the doctor’s clinical stage, potentially leading to
effective diagnosis or treatment. Finally, V-DAT can make training
and treatment results more acceptable and reliable to autistic people
by providing comprehensive visualizations synchronized with a
training video.

“This behavioral therapy training is usually conducted
in the center like a 1:1 role play with a therapist and an
autistic person. The problem is that an autistic person
easily loses interest, and it’s hard for therapists to do
exactly the same training every time. [...] In this way,
it is also difficult to identify the underlying reason for
challenging behavior. Also, what the therapist knows is
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sometimes not well communicated to patients, [...] with
the result that many autistic people repeatedly receive
somewhat obvious suggestions based only on publicly
known behaviors (E-5, Professor).”

“In fact, the service that V-DAT can provide is data-
driven, not replacing what someone has been doing,
but filling in the necessary areas that are not working
well. [...] Therapists are mostly located in big cities,
and it’s practically impossible for them to cover many
autistic people. It is also difficult for autistic people to
get behavioral therapy as adults. [...] If the therapists
examine the results of V-DAT, and if the examination
becomes available in outpatient clinics, doctors can also
benefit from a better understanding and potentially
effective diagnosis (E-4, Psychiatrist).”

6 DISCUSSION

6.1 Summary of research

This paper presented V-DAT that supports the sensor data handling
pipeline for autism research using VR. First, we identified four sen-
sor data modalities and detailed the characteristics and collection
and analysis methods of each one. Then, through a case study, we
showed how the data of each modality from autistic people could
be analyzed and presented through V-DAT and investigated the
perception of autism experts and the potential of the application
of V-DAT in clinical settings in the future. By establishing this
pipeline, V-DAT is expected to allow autism researchers who are
interested in using sensor data in a VR context to analyze data
through visualizations and to examine the relationship between VR
sensor signals and their target variables of interest. In the following
subsections, we discuss some key points and next steps for V-DAT,
which are closely related to the “methodological reproducibility”
and “data transparency” highlighted in our work. These lessons
may also be useful for studies considering the development of a data
management system for people with other neurodevelopmental
disabilities.

6.2 Multimodal data management

In Section 5.4.1, autism experts raised concerns about potential
difficulties in dealing with problems that may arise during data
processes due to their limited VR and computing knowledge/skills.
We experienced a slight data loading problem when reviewing
VR training through V-DAT, because processing large amounts of
data takes a long time. Minimizing data loading time should be a
priority when developing clinical systems for autistic people, as
autism experts have noted that they cannot spend too much time on
issues of computer systems. Given the characteristics of sensor data,
some data redundancy may occur in the collection and processing
procedures. In addition, this problem may be exacerbated because
the majority of most HMDs store data with high Hz to support high-
resolution content. A possible solution is to reduce the data size by
eliminating unnecessary, redundant data by lowering the Hz to a
level that does not adversely affect data interpretation (we believe
that the investigation of an appropriate Hz level is also necessary as
future work). In this way, we can mitigate the problems (e.g., delay
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in review sessions) that experts encounter when loading analysis
results and improve the accuracy of the data provided by V-DAT.

6.3 Sustainable use of a VR-based tool

We investigated the applicability of the clinical aspects to V-DAT
through a case study based on training content carefully tailored to
autism characteristics. We also discussed with autism experts the
potential clinical value of V-DAT in the future. However, the case
study used only a single training content to improve social skills.
There are many other scenarios (e.g., collaborating with co-workers
and meeting strangers and acquaintances) that are related to social
skills that autism experts have highlighted for autistic people. There-
fore, it is important to develop various training content according
to the VR content guidelines for autistic people. Future studies are
needed to verify the effectiveness of V-DAT based on this content.
Using different training content through V-DAT can help autistic
people and their families explore challenging behaviors and support
social independence. This can also facilitate appropriate support for
clinicians such as psychiatrists and autism therapists in a variety of
settings. For example, autistic people can practice understanding
the context of a workplace meeting or casual conversation and
participating in timely responses and conversations. Therefore, it
is necessary to develop more VR content that adequately considers
autism characteristics in order to support the sustainable use of
V-DAT.

As highlighted in Section 5.3.1, we also confirmed that partici-
pants trusted and actively accepted the analysis results of the V-
DAT experience. Autistic people are generally reluctant to engage
in nominal activities (e.g., role-playing for social skills training) and
tend to be conservative in accepting evaluations of themselves [36].
Given these characteristics, it is important to consider ways to
provide objective and comprehensive evidence to encourage the
sustained participation of autistic people so that they can be confi-
dent of receiving feedback to improve their behaviors and social
skills. Furthermore, the clinician reviewed the training video and vi-
sualizations in the review session (Section 5.2.1) and then continued
to review the visualizations for additional check points. We found
that this flexible review process was important when considering
the wide range of autistic people with different interests, severity,
and problem behaviors. In this sense, future studies may need to
collect logs of the use of V-DAT by autism experts so that their
interaction patterns can be defined and identified.

Finally, we confirmed that privacy issues for autistic people
should be considered first before using data from V-DAT in clinical
settings (Section 5.3.2). Some autistic participants were quite con-
cerned about how much information recorded in V-DAT would be
available to others and how it would be used. Such issues should be
considered when developing systems and using data from autistic
people in clinical settings.

7 CONCLUSION

Research in VR for autistic people has moved beyond simply pro-
viding realistic experiences and has begun to analyze sensor data to
identify multiple interactions in a virtual environment. This enables
researchers to provide effective and valuable VR training and edu-
cation to the autism population. In this paper, we presented V-DAT,
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integrated with a VR sensor data handling pipeline to facilitate
both autistic people and autism experts to effectively use multiple
sensor signals in VR. We identified four types of sensor modalities
that have been investigated in many prior VR studies for autistic
people and explained the characteristics and processing methods
of each data modality. Autism experts can use comprehensive visu-
alization analysis results of V-DAT to investigate behavior patterns
of autistic people. We also conducted a case study of V-DAT, which
highlighted that the data can be used to provide autistic people with
potentially meaningful interventions or diagnostic support through
comprehensive visualization results. Finally, we discussed the ex-
tensibility and sustainable use of V-DAT in clinical settings. We
hope that our findings and insights will benefit autism researchers,
practitioners, and designers who wish to use a variety of sensor
data in their study of VR training experiences.
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