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Abstract: Virtual reality exposure therapy (VRET) can have a significant impact towards assessing
and potentially treating various anxiety disorders. One of the main strengths of VRET systems is
that they provide an opportunity for a psychologist to interact with virtual 3D environments and
change therapy scenarios according to the individual patient’s needs. However, to do this efficiently
the patient’s anxiety level should be tracked throughout the VRET session. Therefore, in order to
fully use all advantages provided by the VRET system, a mental stress detection system is needed.
The patient’s physiological signals can be collected with wearable biofeedback sensors. Signals like
blood volume pressure (BVP), galvanic skin response (GSR), and skin temperature can be processed
and used to train the anxiety level classification models. In this paper, we combine VRET with mental
stress detection and highlight potential uses of this kind of VRET system. We discuss and present a
framework for anxiety level recognition, which is a part of our developed cloud-based VRET system.
Physiological signals of 30 participants were collected during VRET-based public speaking anxiety
treatment sessions. The acquired data were used to train a four-level anxiety recognition model
(where each level of ‘low’, ‘mild’, ‘moderate’, and ‘high’ refer to the levels of anxiety rather than
to separate classes of the anxiety disorder). We achieved an 80.1% cross-subject accuracy (using
leave-one-subject-out cross-validation) and 86.3% accuracy (using 10 × 10 fold cross-validation) with
the signal fusion-based support vector machine (SVM) classifier.

Keywords: virtual reality therapy; anxiety recognition; physiological signals; GSR; BVP

1. Introduction

In many cases, anxiety or stress is a normal organism reaction in order to cope with unexpected
events. However, abnormal reactions to simple daily stress stimuli can cause enduring anxiety.
These abnormal reactions are classified as anxiety disorders, which includes various phobias, panic,
social anxiety, and generalized anxiety disorders, etc. More than 30% of people have suffered from
an anxiety disorder at least once during their lifetime [1]. Anxiety can be caused by multiple causes,
such as past experiences, exhaustion, job burnout, loneliness, abuse, etc., and can lead to reduced
quality of life and labor productivity at work [2]. Anxiety can severely impact patients’ daily life,
trigger social communication problems, and diminish life quality. Moreover, anxiety disorders are
usually chronic conditions and require a prolonged treatment period [3].

Anxiety is usually noticeable in two dimensions: Psychological and physical. Psychological
symptoms are recognized as irritability, tension, disturbance, and restlessness, while physical reactions
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involve the adrenal glands, the sympathetic system, and the production of hormones. Anxiety disorders
are part of mental illnesses and manifest in various symptoms, like worry, avoidance of social contact,
panic, fear, distress, and sleeplessness. These symptoms can be decoded by applying a variety of
emotional stimuli, such as static and dynamic audio/video stimuli [4].

Anxiety disorders can be treated using cognitive behavioral therapy (CBT) [5]. CBT is focused on
changing the patient’s cognitive patterns and behaviors when faced with feared stimuli and on learning
new coping techniques. CBT is a popular treatment adapted by many therapists as interventions can
be flexible and organized in many different forms. This includes group therapy sessions, individual
interventions, or even self-therapy. An important distinction in CBT is how the patient confronts
the feared object. It can be done either in vitro, when the feared stimuli are imagined and vividly
described, or in vivo, when the stimuli are faced in the real world. The in vivo method is a key feature
of exposure therapy, which provides the most efficient way of treating anxiety disorders. Therefore,
in the clinical community, an exposure therapy was proven to be the “gold standard” for treating
anxiety disorders [6].

However, it can be very costly to setup and manage a controlled environment for feared stimuli.
Thus, cost-effectiveness is an important topic for anxiety disorder treatment using exposure therapy [7].
New advances in virtual reality (VR) technologies and high-quality consumer-grade devices [8] have
opened up new prospects for virtual reality exposure therapy (VRET). VR systems for exposure therapy
can offer reusable 3D environments and interactive scenarios for the feared stimuli that can be difficult
to replicate in the real life, such as a virtual battle environment for post-traumatic stress disorder
(PTSD) [9] or a virtual flying environment [10]. Moreover, a recent survey of VRET studies showed
that it can be equally effective as in vivo exposure therapy and even has a slightly lower dropout rate
compared to traditional treatment [11].

We can improve and analyze VRET systems better by tracking the patient’s physiological
signals [12,13]. The ability to track and recognize the patient’s anxiety levels during VRET interventions
can help to adapt and individualize therapy. By implementing these capabilities in VRET systems,
we can move them closer to achieving the goals of affective computing (AC) to detect and recognize
human affective states or their disorders, such as depression [14]. AC has become an important branch
of the human–computer interaction (HCI) field [15]. Systems with AC capabilities can sense the
emotions of the user. With this information the system can adapt to the user by performing a predefined
sequence of actions [16], such as changing the reactions of 3D avatars in the VR environment based on
the patient’s anxiety [17]. Many psychological cues can indicate a change of the user’s affective state,
such as facial expressions, posture, pulse, temperature, electrodermal activity (EDA), etc. In order to
detect an emotional state, these emotional cues need to be gathered from biofeedback devices, and then
strong patterns and features can be extracted. Like many studies have shown before, the most advanced
way to implement these requirements is to use machine learning models that can learn from features
acquired from physiological signals, such as blood volume pressure (BVP), photopletysmography
(PPG), heart rate variability (HRV), galvanic skin response (GSR), electroencephalography (EEG),
electromyography (EMG), and others [18–21].

Additionally, it is important to select the correct physiological signal sensor device, which can be
comfortably used with the VR headset. A recent survey of physiology-based mental stress detection
systems that use machine learning methods reported over 25 different wearable sensors employed to
collect such signals [22]. However, for data collection during VRET sessions, it is important that the VR
device itself does not create additional discomfort and stress for the patient. Thus, the wristband-based
biofeedback devices are preferable for VRET users. However, EEG data collection in combination with
the VR systems is limited to custom-made setups and is not widely used with the VR headsets.

Beidel et al. [9] investigated VRET efficiency for PTSD treatment by conducting a randomized
controlled trail. During the study more than 90 war veterans underwent VRET sessions, with the
effectiveness evaluated mid and post-treatment, and at 3- and 6-month follow-ups. The participants’
anxiety levels throughout the VRET session were assessed using the subjective unit of distress scale
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(SUDS) and were collected at 10-min intervals. This study confirmed the hypothesis that VRET resulted
in a significant decrease in PTSD symptoms.

Another VRET study for anxiety disorder treatment was conducted by Diemer et al. [23]. The study
included 40 patients with acrophobia and 40 healthy participants targeting the fear of height. The VR
scenario increased the scene height every 2 min and the participants’ subjective fear was also assessed
using SUDS. Additionally, the authors collected GSR and HRV signals during VRET sessions. The study
found that the VR height scenario activated physiological fear reactions for both experiment groups.

Raghav et al. [24] suggested the use of VRET for dealing with dental phobias in adults.
A randomized clinical trial was conducted among 30 patients. Two groups were separated and
one of them had a VRET session, and another group was given informational pamphlets. The visual
analogue scale for anxiety (VAS-A), measured from 0 to 100, was used to record subjective fear,
and participants’ HRV signals were collected. The study showed a significant reduction in anxiety
scores in the VRET group.

Freeman et al. used [25] immersive VR for treating the fear of heights. During the experiment,
electrocardiogram (ECG), GSR, and respiration data were collected. The experiment involved
61 participants that conducted relaxation–stress–relaxation type tasks, while each participant repeated
this for 15 times in the interval of 4 weeks. Using this data, a binary classifier was trained for two
classes: Relaxed or stressed. The authors achieved an 88% accuracy with the fused signal feature set
using support vector machine (SVM).

A speech and GSR-based system was suggested by Kurnianwan et al. [26]. These signals were
recorded while the experiment participants were solving light or heavy workload mental tasks.
Additionally, the baseline of the relaxation period was recorded. Like in the previous studies, a higher
accuracy was achieved using signal fusion. Finally, a 92% accuracy for three-class stress detection
was achieved.

Gjoreski et al. [27] describes a continuous stress detection system, which used an Empatica
wristband to physiological signals. Their experiments consisted of two parts—one in laboratory
conditions and the second in real life. During experiments in the laboratory settings, the participants
solved the stress-inducing task proposed by Dedovic et al. [28]. For real-life stress prediction,
the participants were asked to manually note the hours that were stressful. The authors achieved an
83% accuracy for the classification of “no stress”, “low stress”, and “high stress” states.

Here, we describe the anxiety level prediction framework that can be used with the VRET system.
We discuss physiological signals processing, feature extraction, and machine learning techniques used
to predict patients’ anxiety during VRET interventions. Finally, we evaluate our suggested framework
with a dataset collected during VRET for dealing with public speaking anxiety from 30 participants
and compare our results with similar anxiety/stress detection systems.

2. System for Virtual Reality Exposure Therapy

2.1. VRET System

This paper is based on our developed VRET system previously described in more detail in [29,30].
This cloud-based VRET application consists of two main components: The psychologist dashboard
and the subject’s VRET application. Every psychologist in our system gets an individual account.
Using the dashboard, the psychologist can register a new subject, start a new VRET scenario, or review
previous interventions. After adding a new subject, the psychologist can start a new VRET session by
selecting a phobia that needs to be treated and selecting one of the available VR scenarios. Once the VR
scenario is selected, the virtual scene is loaded on the web browser as a WebGL (Web Graphics Library)
application. At this point, the subject can launch the VR application on the VR headset. The virtual
camera is synchronized between the subject’s VR headset and the psychologist’s dashboard, thus the
psychologist can see through the subject’s eyes, analyze what is happening in the VRET scenario,
and even adapt the 3D environment for the needs of the VRET session (Figure 1).
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Currently, our system supports three types of anxiety disorders—public speaking anxiety, fear of
heights, and panic disorder. In this paper, we focused on the public speaking anxiety scenario, which
involves delivering a public speech in an auditorium in front of virtual conference listeners (the avatars).

 

Figure 1. Key components of the virtual reality exposure therapy (VRET) system.

2.2. Anxiety Recognition Framework

To expand our developed VRET system to have the ability to detect anxiety during therapy
sessions, we implemented a mental stress prediction framework, which can be used during VRET
sessions. Using this framework, we can collect GSR, BVP, and skin temperature signals, process them,
extract the significant features, and finally use them to predict the anxiety level. This framework is
within the bounds of our VRET system as presented in Figure 2.

 

Figure 2. VRET system with anxiety level prediction using physiological signals.
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2.3. System Implementation and Tools

The VRET system and virtual 3D environments were developed using the Unity (Unity
Technologies, San Francisco, CA, USA) game engine. The networking system between the WebGL
application running on the therapist machine and the VR application was implemented with Photon
Unity 3D networking framework. The therapist dashboard and system cloud application were designed
using the .NET Web API framework and AngularJS web framework.

The physiological signals were analyzed using Python language. Pandas library was used for
data handling and manipulation. Numpy [31] and scipy were used for signal filtering and extraction
of statistical features. BioSSPy library was used for GSR signal analysis [32] and Heartpy [33] library
was used for the BVP signal. Matplotlib library was used to plot various graphs and visualizations.
Finally, we used scikit-learn [34] for the anxiety classification.

3. Experimental Setup

In our experiment, we focused on public speaking anxiety VRET sessions. We invited a group of
30 participants (this experiment was completed under approval (ref. BE-2-60; 2018-09-12) of Kaunas
regional biomedical research ethics committee) to undergo a public speaking anxiety intervention.
The session of the experiment began with the interview with the psychologist. The goal of this interview
was to explain what usually happened during an anxiety attack and to collect initial demographical
and psychological data. This took up to 20 min.

Later, we recorded baseline physiological signals, while the participant was in a calm and relaxed
state. Also, the patient evaluated their anxiety levels using the subjective units of distress scale
(SUDS) [35] as this scale provides a simple and understandable way for the subject to describe their
current level of anxiety or stress.

The session continued with a preparation and rehearsal of a public speech, and the participant
was given up to 10 min to prepare for it. Then, the participant delivered the speech for the psychologist,
while the physiological signals were tracked. After this, the participant once again evaluated their
anxiety levels using SUDS and discussed it with the psychologist.

Finally, the participant prepared for a VRET session by rehearsing the public speech for up to
10 min. As soon as the participant felt ready, the psychologist started the VR scenario with a conference
presentation in front of the auditorium and controlled the reaction of the 3D avatars. During this session,
the physiological signals were tracked once again. After the VR scenario was finished, the patient filled
out the SUDS form and started a final discussion with the psychologist about the session.

The process of the experiment is visualized in Figure 3.
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Figure 3. Flow of the VRET public speaking anxiety treatment session during the experiment.

3.1. Participant Group

A group of 30 subjects participated. All of them provided a written consent. The age of the
group was from 21 to 34 years old, with a mean of 27.5 years and a standard deviation of 4.18 years.
The group had 17 males and 13 females. The participants had diverse experiences with public speaking
anxiety, as one third of the group recognized themselves as having strong fear during public speaking.
This provided us with a broad spectrum of recorded anxiety levels, which was useful to balance the
training set with negative and positive data samples.

3.2. Psychological Signal Recording

During the whole experiment, the participants were using the wristband sensor Empatica E4 [36].
The sensors were connected with a computer using Bluetooth connection. The acquired data included
GSR, BVP, and skin temperature throughout the session.

Three time series were recorded for each signal type and for each participant:

1. Baseline—recorded during a calm and relaxed state;
2. Speaking assignment—recorded during speaking exercise in front of the psychologist;
3. VRET—recorded during the VRET public speaking scenario.

3.3. VRET As Stimuli

There are multiple studies for emotion recognition while using videos, images, or music as an
emotional stimulus [37–39]. Moreover, a recent survey showed that many studies that use machine
leaning to detect stress and anxiety are creating stress stimuli through mental tasks in a laboratory
setup [40]. However, in our case, anxiety was induced through VRET stimuli, which cannot be easily
compared with a video or images.

The VRET sessions started with the participant waiting in the backstage of a virtual conference
hall. After a short period of acclimation, the virtual character started moving through the door to the
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virtual stage. Finally, the participant reached the stage, was greeted by virtual listeners, and started the
presentation within the time limit. This initial period of the scenario acted as an emotional activator,
and from this point, we started to track the psychological signals of the subject. These stages of the
virtual scenario are shown in Figure 4.

—
—

–

(a) (b) 

Figure 4. VRET public speaking environment: (a) backstage; (b) stage in the virtual conference hall.

3.4. Participant’s Anxiety Self-Assessment

Based on experience from other VRET studies, in order to measure the participant’s anxiety level
throughout the experiment, we used the subjective unit of distress scale (SUDS). This scale is measured
from 0 to 100 (sometimes from 0 to 10), where 0 represents total relaxation and 100 represents the
strongest anxiety attack in your life. The advantage of this scale is its simplicity and shortness, which
allows anxiety in a specific moment of time to be captured.

4. Signal Feature Extraction

4.1. Preprocessing

The main initial challenge when processing physiological signals acquired from a human body is
random noise. This was especially impactful to our dataset as a wristband tends to move and lose
contact with the skin. We selected a moving average as one of the most common signal filters in order
to reduce noise and artifacts while keeping a fast step response. This filter averages multiple input
points to generate the output signal (Equation (1)):

p[i] =
1
N

N−1
∑

j=0

s[i + j], (1)

where p is the output signal, s is the input signal, and N is the number of signal steps to put in the
average. This filter was applied for all collected signals.

4.2. Normalization

When working with physiological signals, it is important to avoid subject-wise dependency.
One person’s skin can normally be hotter than others or sweating can be exceptionally high. Thus,
collected signals have to be normalized. It is important to note that some features require the range
of (0, 1) to work correctly, while other features can have negative values. Therefore, we used two
normalization methods. The first one is min-max normalization (Equation (2)):

Xn =
X −Xmin

Xmax −Xmin
, (2)
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where Xn is the min-max normalized signal value, X is the value of the raw signal, Xmax is the maximal
value of the signal, and Xmin is the minimal value of the signal.

The second one is zero means normalization (z-score) (Equation (3)):

Xzn =
X −Xmean

Xstd
, (3)

where Xzn is the zero means normalized signal, X is the value of the raw signal, Xmean is the mean of
the signal, and Xstd is the standard deviation of the signal.

4.3. Windowing

Different stimuli can have varying emotional activation times. Therefore, it is important to select a
correct signal window size to get the best prediction accuracy. We decided to investigate what window
size is best for VRET stimuli. A sliding window with a 1-s interval was applied to all collected signals
with these window sizes in seconds: 3, 5, 8, 10, 13, 15, 18, 20, 23, 25, 28, 29, and 30.

4.4. Physiological Signal Features

The most important part of creating a model that can recognize anxiety level from physiological
signals is feature extraction. We selected the features, which were suggested in the literature, and
grouped them by the signal type and origin.

Firstly, there are mathematical features that can be applied to all signals. The statistical group
contained common statistical features that can be extracted with any math package. Extended
statistical features are comprised of different statistical momentums and some less used statistical
features. The differential group includes features that are obtained using signal differentiation. Lastly,
we dedicated a separate group for psychological features as researched by Picard et al. [16].

For the GSR signal, we focused on finding the peaks and amplitudes of the skin conduction
response (SCR). This was done by applying the Bartlett window and marking the SCR peaks between
two consecutive zero crossings. The amplitudes of the peaks were calculated by measuring the
maximum value between these. Once all peaks were detected, we calculated the number of peaks in
the sliding window and the length of the maximum and mean amplitudes.

The BVP signal measures the volume of blood that is passing with each pulse in capillary beds on
the skin. When processing BVP signals, it is important to extract heart rate features, inter-beat intervals,
and HRV features. All extracted features are enumerated in Table 1.

Table 1. Feature set of physiological signals.

Signal Type Group Feature

All

Statistical

Minimum
Maximum
Average
Variance

Standard deviation (SD)
Median
Kurtosis

Skewness

Expanded statistical [38]

Mean absolute deviation
6th moment
5th moment
4th moment
3rd moment

Root mean square
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Table 1. Cont.

Signal Type Group Feature

Differential [38]

1st difference
1st difference divided by SD

2nd difference
2nd difference divided by SD

Piccard et al. [16]

Mean absolute of the raw signal
Standard deviation of the raw signal

Mean absolute of first difference of the raw signal
Mean absolute of first difference of the normalized signal

Mean absolute of second difference of the raw signal
Mean absolute of first difference of the normalized signal

GSR Peaks and amplitudes [41]
Number of SCR peaks

Average SCR peak amplitude
Max SCR amplitude

BVP Heart rate [42]

Beats per minute
Inter-beat interval

Root mean square of successive differences between
adjacent R-R intervals

Standard deviation of successive differences between
adjacent R-R intervals

Standard deviation if intervals between adjacent beats
Heart rate mean absolute deviation

4.5. Anxiety Level Class Assignment

Each physiological signal time series from each participant had an associated SUDS evaluation
score. The minimal recorded SUDS score during our experiment was 10 and the maximum was 80.
The highest values of 90 and 100 were not recorded, since they would indicate only extreme panic
attacks. In order to perform classification, we needed to assign a class for each value. Thus, we used
some formulations from the SUDS description and assigned four classes for low, mild, moderate,
and high anxiety (Figure 5).

participants’ data for training (27 participants), and the remaining for testing (3 participants), and we 

Figure 5. Anxiety level class assignment by Subjective Units of Distress Scale (SUDS) value.
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4.6. Validation

We decided to use accuracy metric for model-by-model comparison, as the majority of articles
on anxiety prediction publish their results by accuracy. For cross-validation, we used 10 × 10 fold
cross-validation, as in this way, we first divided participants into 10 folds and used 90% of participants’
data for training (27 participants), and the remaining for testing (3 participants), and we repeated this
process 10 times across 10 folds. Thus, there was no data sample spill-over from the training set to the
testing set [26,42].

Additionally, we tested our models with a randomly assigned class to ensure that they were not
biased. All discussed models had a 25% to 26% accuracy, which was expected from the four-class
classification model with random labels.

The class distribution in our research mostly focused on mild and moderate anxiety (Figure 6).
However, we demonstrated that our models did not have strong bias to one particular class by plotting
normalized confusion matrixes, as shown in Figure 8.

The window’s size

Figure 6. Anxiety class distribution.

5. Classification and Anxiety Level Detection

In order to evaluate the influence of the signal window size and signal type on the accuracy of
anxiety level classification, we divided our analysis into multiple stages. First, we analyzed different
sliding window lengths. Second, we investigated the feature importance for every signal and fused
dataset. Last, we evaluated the classification accuracy of the GSR, BVP, and skin temperature signals
separately and compared them with a combined dataset.

All classification models were trained using an SVM classifier, as it has been used by many
previous studies for anxiety recognition. We used the radial basis function (RBF) as the SVM kernel and
the penalty parameter, C, was set to 100, with C used for class-balancing by automatically adjusting
weights inversely proportional to the class frequencies.

Model training and data processing was done offline after all VRET experiments were finished.

5.1. Window Size Evaluation

The window’s size can severely impact the results of classification. Therefore, we trained all of
our models using 3, 5, 8, 10, 13, 15, 18, 20, 23, 25, 28, 29, and 30 s window lengths.

For GSR and BVP signals, the window size had a significant impact on the results, while skin
temperature was less impacted by the window size. For all signals, the accuracy steadily increased as
the window size increased. The peak was reached at around 18 to 23 s.

A visual comparison of the accuracy dependency on window size is shown in Figure 7.
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The window’s size

Figure 7. Anxiety level prediction using blood volume pressure (BVP), galvanic skin response (GSR),
and skin temperature: accuracy dependency upon the length of the signal window.

Based on our findings, we can conclude that it is best to use a signal window size of around 20 s.
For smaller window lengths, the accuracy is lower; however, long window sizes have the downside
of a slower update rate as it would take around 20 s to update the affective state change. A detailed
comparison of the results is listed in Table 2.

Table 2. Anxiety level prediction accuracy by signal type and window size (best results are shown in
bold), 10 × 10 fold cross-validation.

Window Size, s Accuracy Using GSR Accuracy Using BVP Accuracy Using Skin Temperature

3 70.9% 66.2% 72.6%
5 73.2% 68.3% 73.7%
8 74.3% 74.0% 73.3%

10 74.3% 73.1% 73.8%
13 74.0% 73.8% 73.2%
15 74.4% 73.7% 73.7%
18 75.8% 74.1% 75.1%
20 75.9% 73.8% 73.3%
23 76.6% 73.0% 72.6%
25 76.2% 70.2% 71.7%
28 73.7% 72.6% 68.8%
30 73.8% 71.8% 69.1%

5.2. Signal Evaluation and Signal Fusion

When evaluating our final models, we focused on confusion matrixes. In multi-class classifications,
sometimes, classifiers tend to over-fit and can be biased to a particular class. However, in our case,
all four classes had strong prediction accuracies and the classifier did not learn on one majority class.
The confusion matrices of all classifiers are visualized in Figure 8.
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Figure 8. Confusion matrixes for each signal (GSR, BVP, skin temperature) and signal fusion (early).

We applied random forest (RF) for feature selection. The method can expose the feature importance
of a classification task using the Gini index [43]. This index shows a correlation between the signal
feature and anxiety label. The stronger relationship is indicated by a higher index value. In the case of
signal fusion, we can state that the strongest features were extracted from all signals. Interestingly,
the method selected six features from skin temperature, three features from BVP, and one feature
from GSR. The 10 most-impactful features of the fused signal (with the highest Gini index values) are
displayed in Figure 9.

 

 ize 

.036) 

.039) 

Figure 9. Feature importance signal fusion (top 10 features are shown).

As in many previous studies, we employed the signal fusion approach for all modalities. There are
several methods of how signal fusion can be implemented. The most notable ones are early fusion and
late fusion. During early fusion, signals from all modalities are mixed together and go through the
feature selection stage as a combined dataset. Alternatively, during the process of late fusion, signals
from all modalities are kept separate and signals are fused only at the classification stage.
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We achieved results showing that the model that used signal fusion outperformed models that
used standalone GSR, BVP, and skin temperature signals. In our case, the method of early fusion
performed slightly better than late fusion, achieving an accuracy of 86.3% and 83.2%, respectively.

Based on the feature importance analysis, we can see that the early fused model used all the
strongest features from every signal. The final anxiety level classification results are detailed in Table 3.

Table 3. Anxiety level prediction accuracy by signal type (using 10 × 10 fold cross validation).

Signal Type Best Accuracy Windows Size

BVP 74.1% (SD = 0.036) 18 s
GSR 76.6% (SD = 0.039) 23 s

Skin temperature 75.1% (SD = 0.36) 18 s
Signal fusion (early) 86.3% (SD = 0.025) 20 s
Signal fusion (late) 83.2% (SD = 0.032) 20 s

5.3. One-Subject-Leave-Out Validation

Standard k-fold validation cannot demonstrate a good validation measurement for a subject
to subject basis as it mixes data from all participants into separate folds. Therefore, for a subject
independent validation, it is useful to perform “one-subject-leave-out” validation. This means that
in our case, we used signals of 29 participants and then tested it against one. Our signal fusion
(early) model achieved an 80.1% accuracy on average with this type of validation. From Figure 10,
we can see that the anxiety prediction accuracy remains high for most of the participants; however,
it sharply drops for subjects 11, 15, and 20 (see Figure 10). This highlights the challenges of predicting
anxiety for every subject individually as the results can be impacted by the subjective nature of the
SUDS scale and challenges of the generalization of the autonomic nervous system response through
psychophysiological signals (class distribution by participant is visualized in Figure 11).

seful to perform “one out” validation.

 

Figure 10. Results of leave-one-subject-out validation by each participant.

seful to perform “one out” validation.

Figure 11. Anxiety levels reported by each participant.
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5.4. Comparison of Results

Multiple studies have been done in the area of stress recognition. The majority of them use
various physiological signals in order to detect and classify stress or anxiety, similar to those that were
used in our research. Although, during these studies, anxiety is induced using different methods,
like completing mental tasks in the laboratory environment, driving, or public speaking. Moreover,
authors describe anxiety in multiple ways: Binary (stressed or relaxed), three classes (no anxiety,
low anxiety, and high anxiety), or even four classes (no, low, mild, or high anxiety).

We compared our results to previous research and can state that our results are on the same scale
as other researchers. However, each study and experiment are different, and it is hard to make strict
one-to-one comparisons with our research, which measures VRET-induced anxiety.

Thus, we decided to perform a comparison with our mental stress detection system within three
separate research streams. Firstly, we compared our results with anxiety recognition systems that
were trained using data collected during stress periods that were induced in the laboratory. Then,
we discussed the comparison with studies that used driving-induced stress, and, lastly, we considered
several studies that measured stress during a public speaking exercise and trained anxiety prediction
models for them.

Many research studies use psychophysiological signals collected during stress induced by solving
mental tasks in the laboratory environment [42,44–48]. These tasks usually involve solving logical
puzzles, mathematical equations, or dealing with time-sensitive challenges. Usually, they have bigger
participant groups and measure two anxiety classes: One during the relax period (no stress class),
and one during the solving of the task (stress class). While our stress stimuli were different, we feel that
it is important to compare our results with these works as they represent a majority of the analyzed
mental stress detection systems (Table 4).

Table 4. Comparison with laboratory-induced stress recognition systems.

Study
Physiological

Signals
Anxiety
Stimuli

Method
# Of

Subjects
# Of

Classes
Accuracy

Vries et al.
[42]

GSR, ECG,
respiratory

Tasks in
laboratory

Learning vector
quantization

(LVQ)
61 2

88%
(10 × 10 fold)

Xu et al. [44]
GSR, EMG,
HR, EEG

Tasks in
laboratory

General
regression

neural network
(GRNN)

39 2
85.2%

(leave-1-out)

Akamandor
et al. [45]

GSR, ECG
Tasks in

laboratory
SVM 32 2

95.8%
(train/test split,

subject
independent)

Vanitha et al.
[46]

EEG
Tasks in

laboratory
SVM 6 4

89%
(10-fold)

Sandulescu
et al. [47]

GSR, BVP
Tasks in

laboratory
SVM 5 2

80%
(75%/25% split,

subject
dependent)

Castaldo
et al. [48]

GSR
Tasks in

laboratory

Linear
discriminant

analysis (LDA)
42 2

98.8%
(10-fold subject

dependent)

Our system
GSR, BVP,

skin
temperature

VRET
(public

speaking)
SVM 30 4

80.1%
(leave-one-out
86.3% (10 × 10

fold)

Another group of research papers classified an anxiety that is induced by driving around the city.
These studies split the anxiety level not in two but in three classes: Calm, low stress (low traffic), and
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high stress (high traffic) situations. Therefore, it is interesting to compare our results with datasets that
identify stress level stressing the context of multi-level stress classification (Table 5).

Table 5. Comparison with driving-induced stress recognition systems.

Study
Physiological

Signals
Anxiety
Stimuli

Method
# Of

Subjects
# Of

Classes
Accuracy

Chen et al.
[49]

GSR, ECG,
respiratory

Driving
Extreme
learning

machine (ELM)
14 3

99%
(cross-drive
validation)

Ghaderi et al.
[50]

GSR, EMG,
ECG

Driving SVM 7 3
98%

(cross validation,
no details)

Our system
GSR, BVP,

skin
temperature

VRET
(public

speaking)
SVM 30 4

80.1%
(leave-1-out)

86.3% (10 × 10
fold)

Finally, we found several papers that present anxiety prediction frameworks based on data
collected during public speaking exercises. While they are not based on public speaking in the VRET
environment, conceptually, they are the closest to our research (Table 6).

Table 6. Comparison with public speaking-induced stress recognition systems.

Study
Physiological

Signals
Anxiety
Stimuli

Method
# Of

Subjects
# Of

Classes
Accuracy

Zhang et al.
[51]

GSR
Public

speaking
Neural network

(BP)
22 2

86.7%
(leave-one-out)

Kurnia-wian
et al. [26]

GSR, speech
Public

speaking
SVM

Not
specified

3
92%

(10 × 10 fold)

Our system
GSR, BVP,

skin
temperature

VRET
(public

speaking)
SVM 30 4

80.1%
(leave-one-out)
86.3% (10 × 10

fold)

5.5. VRET and Anxiety Detection Limitations

Various factors can affect the reliability of mental stress (anxiety) recognition systems. One of the
latest systematic reviews of stress recognition systems that uses wearable sensors as a source identifies
these main challenges [40]:

• Discrimination of similar emotions: The nature of human psychology can greatly impact the
reliability of an anxiety recognition system. Some psychophysiological signals, like heart rate,
can show up as a similar signal for different emotions. Thus, discrimination of human emotions
remains a challenge for all researchers.

• Unknown context and conditions: Unless the experiment is conducted in artificial (perfect)
laboratory conditions, we have to deal with non-restricted environments and stimuli. Even in
the psychology clinic, we cannot control external factors like room temperature or audio-visual
stimuli from the environment.

• Artifacts from movement: As the psychophysiological measurements are done through wearable
sensors, artifacts can contaminate the data. Even when the data is collected with the supervision
of a professional, wearable devices can inadvertently be moved from their proper position. This is
also a relevant issue for VRET studies due to the implied nature of 360◦ movement in virtual reality.

• Subjective ground truth: In order to use classification methods, each point of the data must be
labeled and assigned a specific value for it. However, as we do not know the ground truth,
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we have to trust the subject to correctly fill out a subjective report, form, or survey. Moreover,
as these labels are subjective, they can change from person to person; even two subjects with
identical psychophysiological signals can report different anxiety levels. Finally, the time to label
the anxiety level (to fill out a survey or questionnaire) can also have a major influence on the
labeling accuracy.

On the other hand, two recent systematic surveys of VRET studies indicated these conclusions
and limitations of the VR-based treatment [11,52]:

• VRET is not less or more effective than traditional in vivo exposure therapy;
• VRET could be a preferential choice only in cases when it can be more accessible or preferable

than traditional alternatives;
• Use of VRET does not lower attrition and dropout rates from therapy courses.

The limitations of our anxiety recognition methods include the reliance on the subjective anxiety
scale (SUDS), which was used to add classification labels to our dataset. Additionally, the current
experiment was limited to a single treatment session per participant, while anxiety treatment usually
occurs over multiple sessions.

Anxiety level prediction during public anxiety treatment sessions could benefit from temporal
processing as an additional source of auditory signals. While in our experiment, we did not record
speech itself, we strongly believe that future research should consider recording participants’ speech
patterns and add them as an additional modality for the feature extraction phase.

6. Discussion and Conclusions

We designed an anxiety prediction framework for a VRET system. The combination of anxiety
detection and VRET demonstrates the possibility of measuring mental anxiety by adding real-time
stress recognition capabilities. Our best classification model was capable of predicting a four-class
anxiety level with a high 80.1% accuracy (one-subject-leave-out validation) and 86.3% (10 × 10 fold
cross-validation). This should encourage other researchers and VRET system developers to invest
time into psychophysiological signal analysis for their VR solutions. However, in our work, we also
investigated the limitations of VRET solutions and mental stress recognition systems that have to be
taken into account for further research. This was also highlighted through one-subject-out validation,
as the anxiety prediction of some subjects showed lower results.

We also investigated the impact of signal window sizes on anxiety prediction accuracy as different
stimuli can have different emotional activation lengths. Our results showed that the best performing
VRET stimuli-based models had a window length between 20 and 25 s. We reconfirmed the results
of many previous studies, which claim that fused signal datasets perform better than stand-alone
signals, and we showed that this applies for VRET-based anxiety stimuli, too. The classification model
with signal early fusion performed 9.7% better than the GSR-based model, 11.2% better than the skin
temperature-based model, and 12.2% better than the BVP-based model.

While there are many studies that cover VRET systems and mental anxiety recognition frameworks,
our designed system combines these fields together. We demonstrated that it is feasible to estimate the
anxiety levels of patients who are undergoing VRET sessions. This information could prove to be very
valuable in designing adaptive and personalized VRET systems that refine their functionalities based
on the patient’s mental stress.

Our further work will focus on integrating the anxiety level prediction framework into the user
interface of our cloud-based VRET system, so the psychologist could easily track and react to changes
in the patient’s anxiety during VRET.
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