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Abstract

Background: Social anxiety disorder (SAD) is the fear of social situations where a person anticipates being evaluated negatively.
Changes in autonomic response patterns are related to the expression of anxiety symptoms. Virtual reality (VR) sickness can
inhibit VR experiences.

Objective: This study aimed to predict the severity of specific anxiety symptoms and VR sickness in patients with SAD, using
machine learning based on in situ autonomic physiological signals (heart rate and galvanic skin response) during VR treatment
sessions.

Methods: This study included 32 participants with SAD taking part in 6 VR sessions. During each VR session, the heart rate
and galvanic skin response of all participants were measured in real time. We assessed specific anxiety symptoms using the
Internalized Shame Scale (ISS) and the Post-Event Rumination Scale (PERS), and VR sickness using the Simulator Sickness
Questionnaire (SSQ) during 4 VR sessions (#1, #2, #4, and #6). Logistic regression, random forest, and naïve Bayes classification
classified and predicted the severity groups in the ISS, PERS, and SSQ subdomains based on in situ autonomic physiological
signal data.

Results: The severity of SAD was predicted with 3 machine learning models. According to the F1 score, the highest prediction
performance among each domain for severity was determined. The F1 score of the ISS mistake anxiety subdomain was 0.8421
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using the logistic regression model, that of the PERS positive subdomain was 0.7619 using the naïve Bayes classifier, and that
of total VR sickness was 0.7059 using the random forest model.

Conclusions: This study could predict specific anxiety symptoms and VR sickness during VR intervention by autonomic
physiological signals alone in real time. Machine learning models can predict the severe and nonsevere psychological states of
individuals based on in situ physiological signal data during VR interventions for real-time interactive services. These models
can support the diagnosis of specific anxiety symptoms and VR sickness with minimal participant bias.

Trial Registration: Clinical Research Information Service KCT0003854; https://cris.nih.go.kr/cris/search/detailSearch.do/13508

(JMIR Serious Games 2022;10(3):e38284) doi: 10.2196/38284
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Introduction

Anxiety involves uncertainty about the expectancy of a threat.
It is a normal emotional response that helps individuals heed
and cope with potential signs of danger [1]. Anxiety induces
anticipatory stress and various neurophysiological responses.
Previous research has shown that certain brain regions that
process threatening information can biologically trigger stress
response systems, such as the autonomic nervous system and
hypothalamic-pituitary-adrenal axis. Hyperactivity of the
autonomic response can induce the expression of anxiety signals,
perception of sensations from inside the body, and central
periphery interactions [2].

Social anxiety disorder (SAD) is the fear of negative evaluation
and embarrassment in social situations. For instance, anxiety
can occur when thinking about being observed while eating and
speaking publicly [3]. The physiological symptoms of SAD
include heart palpitations, sweating, tremors, shaking, and
blushing. Many existing studies have focused on
anxiety-induced heart reactions, and have discovered that
anxiety increases blood catecholamine concentrations [4] and
causes excess sympathetic activation and parasympathetic
withdrawal [5].

Existing treatment methods for SAD include pharmacotherapy
and psychotherapy, such as cognitive behavioral therapy (CBT)
[6]. During CBT, an exposure technique allows the patient to
experience and participate in a feared situation to create a natural
process related to fear reduction [7]. However, individuals with
social anxiety rarely request for support from professionals
owing to fear of the stigma of mental health treatment.
Therefore, the demand for accessibility to CBT via online
content has been increasing. Moreover, the range of virtual
reality (VR) treatments is expanding [8].

Recent VR intervention research has created virtual
environments, such as restaurants. Individuals undergoing VR
intervention showed reduced anxiety regarding daily social
interactions. They also showed a decrease in social interaction
anxiety and depression, and improved satisfaction with daily
life after the VR intervention [9].

Exposure therapy is the mainstay VR treatment for SAD.
Measuring anxiety symptoms in real time while applying the
exposure technique enables the confirmation of actual SAD

symptom levels and the appropriate application of personalized
therapeutic methods.

However, VR sickness influences user experience when using
VR systems [10]. The symptoms of VR sickness include eye
fatigue, disorientation, and nausea [11]. Sickness resulting from
VR is referred to by many names, including motion sickness,
cybersickness, and simulator sickness. These uncomfortable
feelings disturb VR intervention; therefore, VR sickness is a
crucial problem that must be solved. The most popular method
to assess VR sickness is the Simulator Sickness Questionnaire
(SSQ) [12]. The symptoms of simulator motion sickness
resemble those of motion sickness, but are less severe. Three
distinct symptom groups, namely nausea, oculomotor, and
disorientation, were clustered across 16 symptom variables.
Because simulator sickness–related symptoms differ from
motion sickness patterns, a measurement system was established
through this grouping. The SSQ scores based on factor analysis
models provide a scale score as a good indicator of overall
simulator sickness severity. This quantifies simulator sickness
for activities that can lead to symptoms. However, the method
cannot be used for real-time measurements because it measures
psychological scales through a questionnaire after VR
intervention. There are several technical approaches for
overcoming VR sickness, and measuring and evaluating it in
real time is crucial. This is one of the factors determining the
difference in individual sensitivity and future compliance. If it
is not addressed during VR intervention, patient compliance
can be greatly reduced [13].

Several studies have proposed interventions for social anxiety
using VR treatment technology. The results showed that social
interaction anxiety and quality of life improved when treatment
was applied [9]. In particular, previous studies have shown that
exposure to scenarios of various social situations through VR
is effective for alleviating social anxiety symptoms [14].

Recently, a study applied VR treatment to anxiety disorders,
such as SAD [15], proposed a VR intervention for SAD
treatment, and verified its clinical effect by reducing scores on
the Social Anxiety Disorder Scale. This method included CBT
to enable participants to overcome SAD by exposing them to a
self-introduction situation. The treatment had exposure therapy
for patients with SAD through VR for over 6 sessions.
Compared with previous studies that applied relatively
unidirectional VR content, this study applied a customized
approach that divided the difficulty according to the patient’s
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own symptom report. However, this study used a subjective
self-assessment scale, which was influenced by patient bias.
Furthermore, survey-oriented progress is lengthy and may have
different results based on subjective judgment.

We have attempted to investigate SAD in relation to VR
treatment using objective data such as brain imaging data [16].
Objective physiological signals, which reflect the degree of
anxiety symptoms or sickness symptoms, can be assessed in
real time during VR treatment sessions by several sensors. This
would provide a basis for stand-alone interactive content to be
provided during VR treatment for anxiety. Moreover, reducing
VR motion sickness could help enhance user experience and
compliance using physiological signals.

In this study, we developed a machine-learning model to predict
the severity of specific anxiety symptoms and VR sickness using
physiological signal data that were measured in situ during VR
treatment sessions in patients with SAD.

Methods

Participants
Participants were recruited through advertisements on the
universities’ online sites. The inclusion criteria for the SAD
group were set as follows: (1) men and women aged between
19 and 31 years using the Korean language; (2) condition
meeting the Diagnostic and Statistical Manual of Mental
Disorders, fourth edition (DSM-IV) criteria for SAD, as
evaluated by the Mini-International Neuropsychiatric Interview
[17]; (3) no psychiatric comorbidity, except for depression and
panic disorder, and no experience in psychotropic drug
treatment; (4) not currently receiving psychotherapy; (5) not
currently diagnosed with medical or neurological disorders; (6)
no history of psychotic symptoms that can be triggered by VR
interventions; and (7) no susceptibility to visual stimuli. We set
the exclusion criteria as follows: (1) any history of organic brain
damage or intellectual disability; (2) a history of psychotic
symptoms that can be triggered by VR interventions; (3)
vulnerability to visual stimuli; and (4) ineligibility for
participation in a magnetic resonance imaging assessment
(during the study, we performed a functional magnetic resonance
imaging evaluation for another project in the same subjects)
[18].

Forty individuals with SAD participated in the study. Among
them, 8 individuals quit for personal reasons (eg, time
limitations). Ultimately, 32 participants completed the study.
All participants completed all VR sessions. The number of
people who participated in the entire session was 32, but 6 of
them, for whom the sensor data for a specific session were not
collected because of problems such as sensor errors, were
excluded from data analysis. Consequently, data from 26
individuals were used for specific anxiety symptom and VR
sickness predictions after the data qualification process.

Ethics Approval
The study was approved by the Institutional Review Board of
Korea University Hospital (2018AN0377). It was conducted in

accordance with the principles of the Declaration of Helsinki.
All participants were informed of the study procedure and
provided written informed consent before the experiment. This
study was registered on the Clinical Research Information
Service (KCT0003854).

Study Design

VR Intervention for SAD
The study design included VR sessions, psychological scale
evaluations, and in situ autonomic physiological signal data
measurements (Figure 1). A total of 6 VR sessions and 4
psychological scale assessments were performed. A recent study
found that the amount of anxiety that increased during actual
conversation and the anxiety that increased during a
conversation in a VR environment was similar [19]. In a study
comparing VR exposure therapy and real-world exposure
therapy for SAD [20], 97 participants with a major diagnosis
of SAD were randomly assigned to VR exposure therapy,
real-world exposure therapy, or a waiting list. A standardized
self-report scale showed a statistically significant improvement
in those who completed active treatment than in those on the
waiting list. Thus, VR exposure therapy was as effective as
real-world exposure therapy for treating SAD. In this study,
participants completed VR treatment sessions that included
interactive content on social anxiety situations, and the VR
intervention was performed face-to-face and provided
individually. The intervention proceeded in a VR environment,
and each participant entered a meeting room with several
nonplaying characters [15]. The content had introduction, core,
and finishing stages. In the introduction phase, participants
selected their avatars and were informed how to manipulate the
VR device to progress through the stages [21]. Participants
performed a warm-up session with mediation to support their
adaptation. The core stage had an intervention in which college
student’s participated in social situations where they introduced
themselves to each other. Participants proceeded with the
treatment session by selecting the difficulty of the core level as
easy, medium, or hard. In the first session, all participants started
the VR intervention at the easy level. From the second session,
participants freely chose the level of difficulty they wanted
based on the difficulty they experienced during the treatment
process. This is related to the degree of difficulty in interacting
in social situations. The reaction of the nonplaying characters
was based on the difficulty level selected in the previous stage.
In the easy-level session, the nonplaying characters concentrated
well on the patients’ self-introduction. Nonplaying characters
appeared distracted in the hard level, such as yawning or
engaging in chatting. The finishing stage provided cognitive
and behavioral safety guidelines for SAD with text and audio
information during the VR intervention. The VR headset used
was VIVE (HTC Corporation). The in situ autonomic
physiological signals (heart rate [HR] and galvanic skin response
[GSR]) of the participants were measured during the VR
experience.
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Figure 1. Virtual reality (VR) treatment process with psychological scale measurement and physiological signal data extraction. Psychological scale
assessments included Beck Anxiety Inventory, State-Trait Anxiety Inventory, Social Phobia Scale, Social Interaction Anxiety Scale, Brief-Fear of
Negative Evaluation Scale, Internalized Shame Scale, Post-Event Rumination Scale, and Liebowitz Social Anxiety Scale. SSQ: Simulator Sickness
Questionnaire.

Data Collection and Separation
This study analyzed specific anxiety symptoms and in situ
autonomic physiological signal data. For this purpose,
physiological signal data were measured in real time during 4
VR sessions (#1, #2, #4, and #6), where psychological scale
tests were performed after VR treatment. Data were extracted
as independent variables. The SSQ was evaluated during all
treatment sessions; therefore, in situ physiological signal data
for all sessions were extracted. We created a data frame with
the HR and GSR data. Values below zero in the HR and GSR
measurements were considered outliers. Outliers were removed,
and a moving average was used to reduce the noise of the data.

Measurement

Psychological Scales
We measured psychological scales using subjective surveys
after the VR sessions #1, #2, #4, and #6. The Beck Anxiety
Inventory [22], State-Trait Anxiety Inventory [23], Social Phobia
Scale [24], Social Interaction Anxiety Scale [25], Brief-Fear of
Negative Evaluation Scale [26], Internalized Shame Scale (ISS)
[27], and Post-Event Rumination Scale (PERS) [28] were used.
After building a simple linear regression model for the scales,
their subdomains, and the SSQ, the best performing group of
scales based on the mean squared error of the models’prediction
results was analyzed. Subsequently, we generated a machine
learning model to predict the survey results. The linear
regression coefficient was included as an independent variable
for prediction; therefore, the specific anxiety symptoms were
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selected in the order of the smallest root mean square error
deviation when predicting with simple linear regression. The
subdomains of the corresponding specific anxiety symptoms
were also included and used for prediction. The ISS and PERS
showed a good reflection of the physical response to SAD. In
this study, the machine learning model used the ISS and PERS
as independent variables. Multimedia Appendix 1 provides the
complete regression results for our machine learning model.

The ISS assesses the patients’ shame and self-esteem [27]. It
has 30 items that measure shame and self-esteem (24 and 6
items, respectively). ISS data were measured using the ISS
written in the Korean language [29]. Factor analysis involved
the following 4 factors: inadequacy, emptiness, self-punishment,
and fear of mistakes, with 10, 5, 5, and 4 items, respectively.

The PERS measures postevent ruminations during social
situations [28,30]. It comprises 2 scales, negative and positive
rumination, with 5 and 9 items, respectively. Each answer was
measured on a numerical scale from 0 (low score) to 4 (high
score), with a higher score indicating that the individual
frequently experiences rumination.

VR Sickness Scale
The SSQ was developed for VR sickness, and is the gold
standard for assessing physical sickness after exposure to a
simulator or VR environment [12]. The SSQ can measure 16
symptoms of VR sickness. The subdomains are grouped into
nausea (general discomfort, increased salivation, sweating,
nausea, difficulty concentrating, stomach awareness, and
burping), oculomotor (general discomfort, fatigue, headache,
eyestrain, difficulty focusing, difficulty concentrating, and
blurred vision), and disorientation (difficulty focusing, nausea,
fullness of the head, blurred vision, dizziness with eyes open,
dizziness with eyes closed, and vertigo). The total VR sickness
score was the sum of nausea, oculomotor, and disorientation
group scores, with a higher score indicating a greater level of
simulator sickness.

Data Labeling and Processing
We used k=2 to categorize the specific anxiety symptoms in
the severe and nonsevere groups, where k is the number of
median points of the clusters to be classified. Data are grouped
as per the number of hyperparameters k. In k-means clustering,
the algorithm can be executed when the user determines the
number of clusters. K-means clustering is a representative
detached clustering algorithm that uses unsupervised learning
[31].

We labeled the severe and nonsevere groups using k-means
clustering for each specific anxiety symptom and VR sickness.
The ISS cutoff values for dividing the severe groups were 48
(total score), 11 (mistake anxiety), 9 (self-punishment), 10
(emptiness), and 16 (inappropriate). The PERS cutoff values
were 41 (total score), 17 (positive), and 27 (negative). For the
SSQ, severity classification was performed using k-means
clustering via the sum of the response scores for each category.
The cutoff values for dividing the severe group were 9 (total
score), 7 (nausea), 8 (oculomotor), and 4 (disorientation).

Physiological Signal Data
We measured all participants’ HR and GSR during the VR
sessions in real time. These values are closely related to in situ
physiological signaling responses related to anxiety. We
recorded the data using a Shimmer3 GSR+ Unit (Shimmer)
with 3 channels. Two channels tracked the electrodermal skin
conductance level signals via hand electrodes attached to the
first and middle fingers. We monitored the fingers of the
nondominant hand at a sampling frequency of 52 Hz. The third
channel recorded cardiac volume data from an infrared sensor
attached to the left earlobe. Data were converted into HR data
using a software system.

Preprocessing removed any sections where the HR and GSR
were not measured or had negative values. The noise was
reduced using the moving average method at 2-s intervals. We
extracted all the data from the time series data set of the
participants. We also calculated the mean, standard deviation,
minimum, maximum, linear regression coefficient, maximum
difference, peak ratio, and mean difference for each in situ
physiological signal. These created the data frame. To calculate
the peak ratio [32], we divided the number of peaks by the length
of the physiological signal data.

We used real data for the prediction model; therefore, generating
data was a challenge. The severe and nonsevere groups varied
in size; therefore, we manipulated the data set to improve the
model performance. We did not consider the undersampling
technique because the number of participants was insufficient.
Conversely, we used the oversampling technique on the minority
group to improve classifier performance.

The SMOTE (Synthetic Minority Oversampling Technique)
approach generated insufficient data [33]. This method helps
construct classifiers from imbalanced data sets (where the
classification categories are not approximately equally
distributed), such as real-world data sets with a small number
of abnormal cases.

Statistical Analysis

Group-Based Analysis
Differences between groups (severe and nonsevere) were
assessed using independent t tests in Python with SciPy version
1.5.2. Differences were considered statistically significant at
P<.05. Furthermore, we analyzed correlations between the
extracted variables. The variables with the strongest positive
correlations were mean and peak GSR ratios. The variables with
the second strongest positive correlations were the mean and
standard deviation of the GSR. The variables with the strongest
negative correlations were the linear regression coefficient and
standard deviation of the GSR. The second most negatively
correlated variables were the GSR difference and HR linear
regression coefficient. All correlations are illustrated in
Multimedia Appendix 2. There was a high correlation between
the mean and peak GSR (0.92); however, removing this feature
decreased the prediction score. Therefore, this feature was
retained. All other correlations were <0.86.
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Machine Learning Techniques
All machine learning techniques were performed using Python
version 3.7.7. Logistic regression [34], random forest [35], and
naïve Bayes [36] classification were performed using
Scikit-learn version 0.23.2. The random forest model avoids
overfitting, thereby improving model accuracy. Additionally,
we can select relatively important ranks of variables in the
classification model. The naïve Bayes model is a conditional
probability-based classification method that calculates the
probability of features belonging to each class and handles noise
and missing values reasonably.

In addition, when training, it works excellently regardless of
the size of the data, and it is easy to obtain the estimated
probabilities for prediction. Although 32 samples of data could
be insufficient, we amplified the patients’ data using SMOTE
methodology after segmentation for each session. We used
machine learning models that can perform reasonable prediction
with a few data points to minimize performance degradation
because of insufficient data. We calculated the accuracy, F1
score (weighted average of precision and recall), and area under
the curve (AUC) for the prediction.

All machine learning models, except for the random forest
model, were performed using the oversampling technique on
the training data set. This supplemented insufficient data after
the training-test split. We performed 5-fold cross-validation for
the random forest model to improve the prediction score. During

the prediction, sampling of the severe and nonsevere groups
was stratified for training-test splits to ensure equally frequent
severity.

Results

Classified Specific Anxiety Symptoms and VR Sickness
Specific anxiety symptom and VR sickness results were
compared between the severe and nonsevere groups using
k-means clustering. The smallest difference between group sizes
was observed for ISS self-punishment (severe vs nonsevere
group, 53 vs 51). Based on the average score of the specific
anxiety symptoms, the most significant difference between the
groups was the ISS score (severe vs nonsevere group, 59.951
vs 33.222). ISS emptiness showed the smallest difference
between groups (severe vs nonsevere group, 12.91 vs 5.75).
After labeling with k-means clustering, the anxiety symptom
with the lowest distortion was ISS mistake anxiety and that with
the highest distortion was total ISS (1.263 vs 7.439).

After 4 VR sessions with 26 participants, 104 sets of VR
sickness data were collected. These were labeled as severe and
nonsevere groups using k-means clustering. Distortion of
k-means clustering was 2.57 for total VR sickness, 1.44 for
nausea, 1.71 for oculomotor, and 1.16 for disorientation. Table
1 presents the statistical analysis results of the severe and
nonsevere groups. The boxplot for the severe and nonsevere
groups is illustrated in Multimedia Appendix 3.

Table 1. Severe and nonsevere groups clustered by k-means clustering.

DistortionbMaximum
value

Cutoff
value

Minimum
value

GroupsaMeasure

Severe group
mean

Nonsevere group
mean

Severe group
count

Nonsevere
group count

7.43992<48359.95133.2224163ISSc

1.26316<11112.9578.1767034ISS mistake anxiety

1.83520<9112.4534.9615351ISS self-punishment

2.10420<10012.9105.7504460ISS emptiness

3.34436<16221.9789.1554658ISS inappropriate

4.20364<411948.14032.7665747PERSd

3.00735<17221.00010.0596836PERS positive

5.16356<27336.01616.9005450PERS negative

2.56829<9013.7103.2473173Total VRe sickness

1.44515<7010.5001.786698Nausea group

1.70915<608.3412.2384163Oculomotor group

1.16412<406.0000.9863569Disorientation group

aAfter labeling into severe and nonsevere groups through k-means clustering, the numerical characteristics and differences between the groups are
shown for each group.
bDistortion was calculated using the k-means clustering model with k=2.
cISS: Internalized Shame Scale.
dPERS: Post-Event Rumination Scale.
eVR: virtual reality.
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Differences in Physiological Signals According to
Specific Anxiety Symptom Severity
There were significant differences in the GSR min between the
severe and nonsevere groups stratified by the ISS (t102=1.39;
P=.17). In addition, groups stratified by the ISS mistake anxiety
showed a significant difference in the HR peak ratio (t102=2.07;
P=.04) and GSR average change (t102=2.02; P=.046). Groups
stratified by ISS self-punishment showed significantly different
GSR min values (t102=2.34; P=.02). Groups stratified by ISS
emptiness showed a difference in mean HR (t102=−2.44; P=.02).
Groups stratified by ISS inappropriate showed a significant
difference in mean HR (t102=−2.23; P=.03). Groups stratified
by PERS had significantly different mean HRs (t102=−1.99;
P=.050). Furthermore, groups stratified by PERS positivity
showed significantly different mean HRs (t102=2.51; P=.01),
HR min values (t102=2.49; P=.01), and HR peak ratios
(t102=2.15; P=.03). Groups stratified by PERS negative had
significantly different mean HRs (t102=−2.79; P=.006), HR min
values (t102=−2.49; P=.01), HR peak ratios (t102=−2.15; P=.03),
and GSR max values (t102=−2.00; P=.048). The severe and
nonsevere groups by anxiety symptoms are illustrated in
Multimedia Appendix 4.

We performed t tests after labeling the severity of VR sickness,
for each VR sickness subdomain. The most significant difference
in total VR sickness was for the HR min value (t102=−1.63;
P=.02). In the nausea group, the HR max value was significantly
different between the groups (t102=−2.47; P=.02). Additionally,
the oculomotor group differed in the HR min value (t102=−2.19;
P=.03). The disorientation group showed a difference in total
HR change (t102=−2.14; P=.04) and total GSR change
(t102=−2.09; P=.04). Differences in the severe and nonsevere
groups according to VR sickness are illustrated in Multimedia
Appendix 5.

Specific Anxiety Symptom and VR Sickness Prediction
Based on the Physiological Signal Data
After oversampling the minority data using SMOTE, the F1
score [37], accuracy, and area under the receiver operating
characteristic curve were calculated after predicting the survey
results using logistic regression analysis, random forest, and

naïve Bayesian methodology. Additionally, we calculated the
feature importance of specific anxiety symptoms. The variable
importance can be calculated based on the impurity index [38].
We used the feature importance of a random forest–based
prediction model.

Anxiety Symptom Prediction
The classifications of specific anxiety symptom results were
analyzed based on 3 models. Logistic regression [34], random
forest [35], and naïve Bayes classifier [36] analyzed the severity
of specific anxiety symptoms for participants. The data were
amplified using the SMOTE method to prevent performance
degradation due to unbalanced data.

The classification performance was measured using the F1 score.
The F1 scores of the ISS mistake anxiety subdomain were
0.8421, 0.7368, and 0.7647, as calculated by logistic regression,
random forest, and naïve Bayesian classifier, respectively. These
values were higher than those of the other ISS subdomains. The
classification performance of the PERS negative subdomain
was relatively higher than that of the PERS positive subdomain,
with 0.6667, 0.6154, and 0.6452 as measured by logistic
regression, random forest, and naïve Bayes classifier,
respectively.

Specifically, we classified the ISS using a logistic regression
model with an F1 score of 0.7619. The logistic regression model
revealed an F1 score of 0.8421 for ISS mistake anxiety, whereas
the naïve Bayes classification model revealed a score of 0.7857
for ISS self-punishment. The logistic regression model revealed
an F1 score of 0.6429 for ISS emptiness and 0.7200 for ISS
inappropriate. The random forest model revealed an F1 score
of 0.7568 for PERS. Further, the naïve Bayes classification
model showed an F1 score of 0.7619 for PERS positivity.
Finally, the random forest model revealed an F1 score of 0.7097
for PERS negativity. The specific anxiety symptom prediction
results are illustrated in Table 2 and Multimedia Appendix 6.

For ISS, ISS mistake anxiety, ISS self-punishment, ISS
inappropriate, PERS, PERS positive, and PERS negative,
physiological signal data related to GSR had the highest
importance, and for ISS emptiness, physiological signal data
related to HR had the highest importance. The feature
importance of specific anxiety symptoms in the random forest
model is illustrated in Figure 2.
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Table 2. Specific anxiety symptom classification model evaluation with F1 score, accuracy, and area under the curve.

Naïve Bayes classifierRandom forestLogistic regressionVariablea

AUCAccuracyF1 scoreAUCAccuracyF1 scoreAUCbAccuracyF1 score

0.7750.7690.7270.7060.7310.6320.8270.8080.762ISSc

0.6600.6920.7650.6080.6920.7900.7330.7690.842ISS mistake anxiety

0.7690.7690.7860.7690.7690.7270.6730.6920.750ISS self-punishment

0.6730.6920.6000.6390.6540.5710.6250.6150.643ISS emptiness

0.7020.6920.7140.6390.6540.5710.7320.7310.720ISS inappropriate

0.6070.6150.6670.6250.6540.7570.6760.6540.667PERSd

0.8610.8080.7620.6600.7690.5000.6300.6150.615PERS positive

0.5770.5770.6450.6540.6540.7100.6540.6540.667PERS negative

aAfter predicting the severity of each specific anxiety symptom using logistic regression, random forest, and naïve Bayes classifier models, the performance
of each model was evaluated.
bAUC: area under the curve.
cISS: Internalized Shame Scale.
dPERS: Post-Event Rumination Scale.
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Figure 2. Feature importance of specific anxiety symptoms (random forest model). After predicting the subdomains of each anxiety symptom using
the random forest model, the feature importance for each model was calculated and sorted in descending order. GSR: galvanic skin response; ISS:
Internalized Shame Scale; PERS: Post-Event Rumination Scale.

VR Sickness Prediction
We classified the severity of total VR sickness with an F1 score
of 0.7059, that in the nausea group with a score of 0.4000, that
in the oculomotor group with a score of 0.6667, and that in the
disorientation group with a score of 0.6364. The classification
performance for the nausea group subdomain had the highest
AUC of 0.94. The VR sickness results are illustrated in Table
3 and Multimedia Appendix 7.

When feature importance was calculated for the classification
of the severity of VR sickness for each type, physiological signal
data related to GSR were selected as essential variables for all
subdomains. All subdomains of VR sickness symptoms showed
HR-related features as the second most crucial factor in
variation. Figure 3 illustrates the importance of VR sickness
features from the random forest model.
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Table 3. Virtual reality sickness classification model evaluation with F1 score, accuracy, and area under the curve.

Random forestVariablea

AUCbAccuracyF1 score

0.79170.80770.7059Total VRc sickness

0.94000.88460.4000Nausea group

0.70000.65380.6667Oculomotor group

0.71240.69230.6364Disorientation group

aAfter predicting the severity of each VR sickness scale using the random forest model, the model’s performance was evaluated.
bAUC: area under the curve.
cVR: virtual reality.

Figure 3. Feature importance of virtual reality (VR) sickness (random forest model). After predicting the subdomains of each VR sickness scale using
the random forest model, the feature importance for each model was calculated and sorted in descending order. GSR: galvanic skin response.

Discussion

Principal Findings
We developed and tested machine learning models to predict
specific anxiety symptoms and VR sickness for SAD using in
situ autonomic physiological signal data measured during
participatory and interactive VR treatment. The severity of
specific anxiety symptoms and the side effects of VR treatment

are an essential part of digital therapy. Usually, these kinds of
evaluations rely on subjective reporting by patients. However,
autonomic physiological responses, such as blushing, sweating,
and shivering, could play a central role in assessing symptoms
[39]; therefore, they have the potential to be used for monitoring
various symptoms related to anxiety or VR sickness.

Previous studies have assessed the relationship between
physiological cues and SAD. However, real-time analysis is
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limited because of current sensor technology and evaluation
methods [40]. Furthermore, individuals with SAD cannot be
treated because of methodological problems [41-43].

VR treatment techniques extend beyond the traditional
psychiatric therapeutic approach [44]. To create a therapeutic
VR system, we must build an interactive system rather than
simply provide a VR environment. Interactive VR may have
several benefits for psychiatric disorders in terms of treatment.
First, it enhances ecological validity by immersing individuals
in emotionally engaging virtually constructed therapeutic
environments. Second, it can be flexibly used to present patients
in various contexts, enabling personalized treatment according
to the assessment of individual differences in symptoms during
VR treatment [45]. We expect our findings to be useful in
interactive VR treatment, especially for specific anxiety
symptoms and VR sickness.

We showed that the data extracted from the time series with
different in situ autonomic physiological signal data lengths
could be used as the independent variables of a predictive model.
As 32 samples of physiological data were not sufficient for the
machine learning model, we increased the data by dividing it
per session using only 32 participants’ intervention data and
supplementing the insufficient data using SMOTE methodology.
This technique can minimize performance degradation due to
a lack of data. We generated cutoff values for the classification
groups for labeling via k-means clustering. This is an
unsupervised learning method based on the absence of a label
to evaluate the model performance. We could explain which
variable plays the most crucial role in predicting specific anxiety
symptoms and VR sickness.

Among the anxiety symptoms related to the ISS, the most
predictable was ISS mistake anxiety. Emotion comprised 5 main
subsystems, namely, “cognitive component (appraisal),
neurophysiological component (bodily symptoms), motivational
component (action tendencies), motor expression component
(facial and vocal expression), and subjective feeling component
(emotional experience)” [46]. Shame is highly correlated with
the body’s physiological responses because of its mechanism
[47]. Mistake anxiety is the core symptom of SAD. The high
predictability of these symptoms is related to the reliability of
HR and GSR predictions of SAD symptoms.

Among the scales related to PERS, the most predictable was
PERS positivity. Rumination may negatively affect physical
and mental health [48,49]. However, this is inconsistent with
previous studies reporting that positive rumination either is not
associated with social anxiety or is low [28,30]. In contrast,
other studies have reported that positive and negative rumination
is high in social anxiety. Socially anxious individuals ruminate
broadly, positively, or negatively about all aspects of social
interactions when faced with ambiguity [50]. However, no
previous study has examined the relationship between in situ
autonomic physiological responses, and negative and positive
rumination. Additional studies are required to determine whether
these results are reproducible.

Several factors can cause VR sickness. Humans perceive their
direction and movement through various sensory organs.
Individuals may experience motion sickness if they repeatedly

receive sensory information that differs from their prediction
[51]. Visual movement may cause motion sickness [52,53].
When visual stimulation is the primary cause of motion sickness,
it is called visually induced motion sickness. Previous studies
have assessed virtual perceptions related to recognizing
self-motion [54]. If the degree of physiological arousal (HR,
blood pressure, skin conductance, respiration, skin temperature,
and blood volume pulse amplitude) is high, the possibility of
VR motion sickness is high [55].

We used HR and GSR for machine learning–based prediction
in our study. These are important indicators of physiological
arousal. SAD-related psychological symptoms and VR sickness
during VR treatment can be determined in advance through the
proposed model. The intervention of medical staff can also
improve patient compliance. However, we must develop
additional real-time measurement factors to better predict other
VR sickness subdomain symptoms.

We predicted specific anxiety symptom severity and VR
sickness severity via in situ physiological signal data from actual
cases. We used supervised and unsupervised learning and data
generation to build and evaluate the SAD and VR sickness
predictive models. Considering these advantages, specific
anxiety symptoms and VR sickness could be assessed more
accurately. The data were labeled using an unsupervised learning
method. After separating the severe and nonsevere groups,
significant differences were found for each classification group
using a t test. The real-time evaluation of VR motion sickness
can help improve patient compliance with treatment. Moreover,
we can reduce the time required for a survey by predicting
participants’ anxiety using objective data. Predicting survey
results using objective in situ autonomic physiological signal
data makes less subjective intervention possible compared with
the conventional survey-based method. In addition, the
evaluation of symptoms through real-time autonomic
physiological signals shows the possibility of evaluating
psychiatric symptoms in real time to increase interactivity, an
essential element in the personalized VR treatment process.

Limitations
This study had several limitations. First, our study evaluated in
situ autonomic physiological signals and symptom-related data
in a SAD group alone. Subsequently, it included no control
groups. This study used machine learning models to discriminate
between severe and nonsevere groups because real-time
physiological signal data were measured only for participants
above a certain Korean Social Interaction Anxiety Scale
(K-SAD) score. In some cases, after labeling the severe and
nonsevere groups, there was no significant difference between
groups. These results can be inferred as a limitation of the
methodology that divides the group with a K-SAD score above
82 into severe and nonsevere groups according to specific
anxiety symptoms. Although an unsupervised learning
methodology distinguished respondents, it was challenging to
explain clear criteria other than to the participants in the
experiment. Second, this study used self-rating score-based
scales, which could be associated with bias. Third, this study
could only classify the severity of SAD (K-SAD ≥82) in the
group with a particular score or higher. Fourth, there was
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insufficient evaluation of the response to a specific task or
exposure situation during a VR session. Because insufficient
data are obtained using a SMOTE model, there is a limitation
in not using the actual data. In addition, it is unknown how
performance changes as an individual progresses during a
session. Furthermore, we cannot determine how in situ
autonomic physiological signals change when a specific situation
occurs in each session. Fifth, the number of participants who
participated in the VR treatment session was 32, but the number
of participants used for the analysis was 26 (a small sample
size). The decrease in performance can be inferred to be limited
to the improvement in performance because the number of
individuals who participated in the VR sessions was small.
Therefore, we need to carefully interpret the results and secure
a larger number of samples for future studies. However, since
it is challenging to obtain real-time in situ data, we believe that

the strength of this study is that real valuable data from
participants were utilized for analysis.

Conclusion
This study showed that using in situ autonomous physiological
signal data measured during a VR intervention can predict
specific anxiety symptoms and VR sickness in patients with
SAD. Using real-time physiological data from VR sessions, we
can classify the severity of specific SAD symptoms and utilize
the findings for personalized digital treatment. Machine learning
models can assist in the decisions of medical staff and the
construction of interactive VR treatment. Future research should
focus on various predictive methodologies to enhance the
tailored interactive function and to maximize the convenience
of VR treatment. Additionally, to improve the clinical prediction
performance and increase accuracy, more abundant and
appropriate data will need to be collected.
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