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Abstract

Technology to monitor mental health is gaining popularity as it helps to improve the cognitive and behavioral performance of
an individual. Considering the growing need to monitor mental health, there is subsequent research in continuous and real-time
monitoring technologies that can increase the quality of life by reducing the cost of health care. Eye tracking technology has
played a significant role in monitoring a person’s mental health. An intelligent system can apply several computational procedures
to extract meaningful information from the massive physiological data obtained from eye tracking. The proposed model IntelEye
is a tool to detect the stressful states of an individual while watching calm and stressful videos. The eye gaze measures based on
pupil diameter, fixation, and blink were used for detecting stressful conditions. The data was collected from hospital employees,
and the K Nearest Neighbor algorithm could successfully recognize the stressful states and the corresponding gaze location during
stressful situations. IntelEye is not only identifying the stressful states but also has the novelty of identifying the scene and gaze
location, making them stressful while watching the video.
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1. Introduction

The personality and behavior of a healthy person have significant differences from a diseased person. The sudden
changes in the conduct or character can be specific to any mental or physical health problems. Current studies show
a significant increase in people suffering from depression and anxiety. There is a need to understand the impact of
mental health problems on an individual’s everyday life. There should be an effective mechanism to detect and treat
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mental health problems to improve the quality of life of people suffering from mental health. Existing interventions
and research shows some promising result but are limited in their accessibility and usage [1].

The changes in the behavior and thinking of a person may not always be because of mental health problems. It can
also be related to some medications. The identification of the disease at the right time can make a better impact on the
person suffering from the issues. There is limited access to healthcare facilities for people living in villages than in
cities. Remote patient monitoring is an effective mechanism to monitor people’s mental health and wellbeing in rural
places [2].

The changes in the physiological measures of a person help to understand their behavioral changes [3]. Many
wearable devices and sensors help to monitor an individual’s physiological measures [4]. The recent advancements
in physiological sensors and wearables enabled people to monitor their daily lives and allowed health professionals
to monitor their patients remotely. It also helped the researchers to collect real-time data without interrupting human
behavior. Eye tracking technology has gained a remarkable role in monitoring a person’s mental health based on
ocular measures. It is an unobtrusive device that helps to track a person’s gaze while watching any stimulus on the
computer [5].

Eye tracking measures obtained from individuals provide deeper insight into their traits, and cognitive processing
[6]. Since eye tracking can tap into the unconscious processing of the mind, that makes continuous and involuntary
data collection [7]. It explores the possibility of health monitoring in smart environments and adaptive workplaces [8].
Since the eye and mind are interconnected, the eyes can reflect the mental processing of an individual while watching
any image or video. Eye tracking technology helps to understand where we look at, how long, which content in the
image has influenced the thought process, which element attracted the immediate attention, the order in which the
elements are noticed, the elements that are being ignored or overlooked, and the elements that could draw above-
average attention [9].

Our proposed model IntelEye predicts the stressful state of a person based on their eye gaze measures while
watching a calm and stressful video. Statistical analysis is performed to understand the significant difference in eye
tracking measures while watching both videos.

The paper is organized as follows. Section II explains various studies on eye tracking techniques to monitor a
person’s mental health. Section III presents the working of the proposed model IntelEye in detecting stressful states
while watching videos. Section IV explains the significant difference in eye tracking measures observed during calm
and stressful videos based on the obtained results. Section V concludes the paper with discussions and future recom-
mendations.

2. Literature survey

In our previous study [10], we had reported stress level analysis in students based on their gaze parameters ob-
served while performing mathematical tasks. Pupil diameter and blink frequency were observed as good indicators
of cognitive load, which in turn increase the individual’s stress. The eye fatigue of students’ could also be indicated
based on the fixational qualitative score.

It is essential to understand the engagement of learners during online learning [11]. During the online learning
process, it is not easy to understand attendees’ attention, involvement, and concentration [12]. Eye tracking measures
and techniques draw researchers’ attention in understanding learners’ online learning engagement [13].

The influence of emotion on eye behavior is explained in [14] [15]. The significant effect of negative images
was observable in participants’ visual attention and eye tracking features. The negative images had higher saccade
amplitude, longer saccade duration, and higher saccadic velocity. It indicates the presence of longer, faster, and larger
saccade in negative images [16]. A solid center bias was observed in positive images than in negative images. There
was a remarkable difference in eye tracking measures while watching pleasant and unpleasant images. Eye gaze
measures are good indicators of depression in an individual [17]. Pleasant and unpleasant images were used as a
stimulus, and it has been noticed an attentional bias toward sad images for depressed participants.

The sympathetic nervous system, a part of the autonomic nervous system, is responsible for the human body’s
stress response [18]. When a person has stress or mental effort, it makes corresponding changes in the body like an
increase in the heart rate, stimulating sweat production, dilation in pupil diameter, and increase in the breath rate. So
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Table 1: Summary of Literature survey.

Paper  Stimuli Eye Tracking metrics Algorithms Observations

Pupil diameter and blink
Pupil diameter - test frequency were observed as
Blink frequency good indicators

of cognitive load

[10] Mathematical Questions

Pupil diameter

[23] Slmqlator - Mlhtary Fixation One way ANOVA Estimating pilot’s cognitive load.
aviation environment t- test
Saccade count
Pupil measures
Blink
Saccade
[21] Video, Questionnaires Fixation Friedman non-parametric ANOVA  Mental fatigue detection
Gaze allocation
Eye movement directions
Saliency based metrics
Pupil diameter
[22] Stroop Test Pupil dilation deviation Fuzzy SVM Mental stress recognition
Pupil dilation acceleration
Difficult and casy mental .Inter—tr.ial and Significant differe?nce in
[24] . intra-trial changes ANCOVA eye measures during easy
calculations . o 1 .
in pupil diameter and difficult tasks.
‘ . Fixation N aiv‘e Bayes, Random Forest, o ‘
(28] Solving coding problems Saccades Multi Layer Perceptron, Prediction of stressful
on whiteboard and paper blinks SVM, KNN, Logistic Regression,  technical interview settings
) Decision Tree
Pupil diameter Toeplitz Inverse Covariance-Based
Excavation operating Blink rate Clustering (TICC) . L.
(23] simulation system Blink duration SVM, LDA, decision tree, Monitor the mental fatigue
Gaze count KNN, Boosted Tree

Baseline- Sit and relax
[31] Mental Arithmetic (MA) test  Pupil diameter 2 samples t —test Predictor of mental stress
Stroop Colour Word Testing

the pupillary responses are good indicators of mental efforts and cognitive load [19]. The eye blinks are correlated
with stress and can be used to monitor the mental load of a person who intensively uses the monitor [20].

A mental fatigue detection model was proposed to support the aging population based on the eye gaze measures
[21]. Various features have been derived and considered for detecting mental fatigue based on the eye movement
direction, gaze allocation, saliency model, blinks, oculomotor and pupil diameter. Age-related changes could also be
extracted from the eye tracking measures while watching the video.

The stress recognition based on the pupil diameter and pupil diameter acceleration has better accuracy compared
to other physiological measures like Electrocardiogram (ECG) and Photoplethysmography (PPG) [22]. The Stroop
test was used to induce stress in the participants, and a fuzzy support vector machine was used for the classification
of “stress” and “relaxed” states. The study on estimation of cognitive load of pilots indicated that eye gaze measures
have a remarkable role in detecting an individual’s cognitive load [23]. The flight simulator with the various stress-
inducing task has been used as the stimulus. The statistical analysis of the features of saccade, fixation, and pupil
diameter showed a correlation with cognitive load. A person’s cognitive load can increase while performing a complex
task compared to an easy one. Significant variations in pupil diameter and microsaccades were observed in a mental
arithmetic task performed to classify the low and high cognitive load [24].

Wearable eye trackers were used for detecting the mental fatigue of construction equipment operators [25]. The
Excavator operation environment was simulated to understand the mental fatigue of the participant. Clustering based
on Toeplitz Inverse Covariance was used to classify the three levels of mental fatigue. The eye measures blink rate,
blink duration, pupil diameter, and gaze position were sensitive to mental fatigue states. Each participant’s distribution
of gaze points is analyzed to understand the visual attention range that has a crucial role in operational safety.

The enormous data obtained using an eye tracker has a lot of sensible information. Computational procedures and
machine learning techniques could extract meaningful patterns from the physiological data obtained from the eyes
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Fig. 1: Steps in Eye Tracking Study.

and can be related to different cognitive and emotional states of an individual [26]. An intelligent system can monitor
and measure the user’s mental state and support psychological well-being by reducing stress [27] [28]. The changes
in emotions and perceptions may vary depending on his physiological and cognitive processing [29]. Physiological
signals obtained from the eye are involuntary and help in continuous and consistent real-time monitoring of an indi-
vidual. Its noninvasive data collection is an added benefit; therefore, it can indicate the stressful state of an individual
more efficiently than other modalities.

Based on the studies on various related works, it has been observed that different models and methodologies have
adopted eye gaze measures for detecting emotion, stress, cognitive load, mental fatigue, and different mental states
[30]. A comparative analysis on the related work is presented in the Table 1. Compared to other models or techniques
in detecting the stressful state of a person, the proposed model IntelEye could recognize the cause of their change in
mental states by identifying the gaze in the corresponding scene of the video.

3. System Model

As people with mental disorders are increasing, mental health monitoring has become a necessity. Mental stress
or workload can negatively affect a person’s thoughts, behavior, and emotions. Eye tracking technology caught the
researchers’ attention in mental health monitoring, providing unobtrusive and continuous monitoring of mental health
indicators.

The proposed model IntelEye continuously monitors the eye’s vital parameters and indicates the user’s stressful
state while watching calm and stressful videos. Machine learning algorithm K Nearest Neighbor(KNN) has been
applied to predict the stressful state of the user. The following research questions were formulated to understand the
changes in eye tracking measures.

RQ1: Is there any significant difference in eye tracking measures while watching calm and stressful videos?

RQ2: Can eye tracking measures indicate the physiology of autonomic reactions?

3.1. Data Acquisition

The data collection procedures followed the five essential steps: design, experimental setup, run of the experiment,
data collection, interpret as shown in Fig. 1.

1. Design: As part of the design of the experiment, the research questions and the supporting null hypothesis have
been formulated. The stimuli for the experiment were selected as calm and stressful videos.

2. Experimental setup: The data was collected from the hospital employees ( n=6, mean age=33.5, SD=5.6, age
range= 26 to 42). SMI REDn Professional remote eye tracker with a sampling frequency of 60Hz was used for
data collection. Experiment suite 360 software was used for extracting the features from raw eye gaze data.
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Fig. 2: Time Chart of Experimental Setup.
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Fig. 3: System Architecture of IntelEye.

3. Run Experiment: The time chart of the experimental setup is shown in Fig. 2. The data collection procedures
were explained to each participant, and written consent was obtained during the pre-survey. As shown in Fig.
3, the participant will be asked to sit comfortably in front of the system. The remote eye tracker will be placed
in front of the system. The distance from the screen to the participant’s eye was maintained at 50 to 60cm. The
participant’s face was parallel to the screen. The lighting condition is maintained consistently throughout the
experiment. 9-point calibration was performed before the starting of each experiment, and the data was collected
only after successful calibration. An introductory video was played initially for 2 minutes and 30 seconds to train
the participant and familiarise them with the environment. The data collected during the introductory video was
not considered for the analysis. The video, which was considered as the most relaxing film, was selected as the
calm video [32]. A short video of a tiger attacking scene was selected as the stressful video. The calm and stress
videos each were presented for a duration of 5-minutes each.

4. Data Collection: The raw data obtained included the participant’s gaze coordinates and pupil diameter. The
features fixation duration, blink duration, fixation dispersion X coordinate and fixation dispersion Y coordinate
were extracted from those raw data. The extracted features and the pupil diameter were considered for the data
analysis. The cumulative features fixation rate and blink rate for the entire duration of calm and stressful video
were also considered for the analysis. Pupil diameter is the diameter of the pupil in the millimeter. The pupil
diameter of the adults in bright light varies from 2 to 4 mm, and during dark, it ranges from 4 to 8mm. A
Group of gaze points closer in time, and distance is the fixation. The time duration of fixation is the fixation
duration, and it is measured in milliseconds. It provides the details of how long a person gazed at a location,
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and a longer fixation duration indicates the interest in viewing that location. If the eye closure lasts for more
than 10 milliseconds, it is considered a blink. The time duration of a blink is blink duration and is measured in
milliseconds. Fixation dispersion indicates the distribution of gaze points in the X and Y direction. The distance
between the most distant fixation points is known as fixation dispersion and is measured in terms of pixels [33].

5. Interpret: The eye tracking measures are considered idiosyncratic and specific to each person. So the eye gaze
data obtained for one person may differ from others, but it follows similar variations while watching the calm and
stressful videos. The data received during the calm video was considered as the baseline period and labeled the
data based on the baseline threshold. Machine learning algorithm KNN has been applied to indicate the stressful
state of a person as shown in Fig 3. The proposed model IntelEye could predict when the person is in a stressful
condition and which video frame is responsible for changing his mental state. The model could also indicate the
position in which the person was focused during the stressful situation.

A person’s visual attention is defined as selecting specific visual content from an image or video for further pro-
cessing [34]. Visual attention is monitored for psychology, education, and neuropsychology research. Emotional or
perceptual factors in an image can influence the visual attention of the observer. The violent scenes in the video can
make the observer stressed and escalate physiological arousal. Those changes can be monitored with eye tracking
technology. When the user inspects the images or video, their viewing pattern or focus of attention can provide insight
into the cause of the stressful state. IntelEye provides the user’s gaze position, specifying what content in the image
triggers the stress in the participant.

4. Result Analysis

The proposed model, IntelEye, could predict the stressful state of a person while watching the video based on
their eye gaze features like pupil diameter, fixation duration, Fixation dispersion x-axis, fixation dispersion y-axis,
and blink duration. Each feature obtained from the participant is analyzed and compared across the calm and stressful
video watching time. Fig. 4 shows the boxplot of all the features of all the participants. Each feature had a significant
difference between calm and stressful video watching time. All the participants had an increase in their pupil diameter
at certain places while watching the stressful video. It has been observed that participants had a longer fixation duration
while watching calm videos than during stressful video watching time. The fixation dispersion of the X and Y axis
were increased during the stressful video-watching time. The blink frequency and blink duration were less during the
stressful video watching time compared to the calm video. There was an increase in fixation frequency while watching
the stressful video. The changes in eye gaze measures are the stress indicators during stressful video watching time.

Fig 5 shows the plot of all features of all the participants. The red color vertical line indicates the separation of
calm and stress video. The plots clearly show the increase in pupil diameter during stressful video watching time. The
fixation duration and blink duration were more during calm video watching time.

The research questions RQ1 and RQ2 are answered based on the data collected during calm and stress video as
stimuli. The following null hypothesis has been formulated to answer the research question.

HO1: There is no significant difference in eye tracking measures during calm and stressful video watching time.

Welch Two Sample t-test is performed on the features obtained during the calm and stressful video-watching time,
and the P-value has been analyzed. The mean of all features during the calm and stressful video and the P-values
are shown in Table 2. Most participants showed a significant difference in their features during the calm and stressful
videos and obtained P-value < 0.05. The P-value indicates that the null hypothesis can be rejected and accept the
alternate hypothesis. So it concludes that there is significant difference in features during both the video watching
time and it answers the research question RQI.

The Autonomic Nervous System (ANS) is responsible for physiological changes in the body during stressful events.
The sympathetic nervous system responsible for stress response will activate the physiological signals in the body [35].
As aresult, while watching stressful videos, there can be changes in eye gaze measures. The experimental results show
that stress generated while viewing uncomfortable scenes influences the eye measures. Since the eye gaze measures
showed a significant difference during calm and stressful videos(p<0.05), it can be proved that eye gaze measures can
indicate the autonomic reactions in the human body(RQ2).
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Fig. 4: Boxplot of all features during calm and stressful video watching time.

5. Discussion

Various studies on eye tracking measures could prove a significant difference in eye tracking measures while
performing a specific task that induces stress [10] [16] [17]. The studies could identify various eye measures as
indicators of stress [20], cognitive load [19], depression [17], fatigue [25] and dementia. But those studies lack the
indication of the cause of those mental illness. Understanding the factors that affect mental health is as important as
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Fig. 5: Plot of all the features during calm and stressful video watching time.

detecting mental illness. Eye tracking technology can provide insight into conscious responses from the subconscious
processing while watching any particular stimulus. Observing the reactions on which element they dwell on over time
can understand which component of the stimulus triggered the brain. IntelEye tries to understand the subconscious
processing of an individual while watching calm and stressful videos from the response obtained by analyzing the
eye tracking measures. By observing the eye tracking measures, IntelEye could indicate the gaze and the video frame,
which made them more stressed while watching a video. It is significant compared to other reported works.

6. Conclusion

This study investigates the variations in eye gaze measures during calm and stressful video watching. The sym-
pathetic nervous system gets activated by stress, which triggers the body’s physiological changes. During the study,
the changes in eye gaze measures were observed while watching the stressful videos and could prove that eye gaze
measures are good indicators of autonomic reactions. The Welch Two Sample t-test was performed on the features
and obtained a P-value<0.05 for most participants. It indicates significant differences in eye measures while watching
calm and stressful videos. The proposed model IntelEye, a non-invasive model, could recognize the stressful states us-
ing the KNN algorithm while watching the videos. The perception of uncomfortable scenes in the video can make an
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Table 2: Results of the Statistical Analysis.

Feature Participant Calm Video (Mean) Stressful Video (Mean) P-Value  Remarks
Pupil diameter P1 3.575 4.192 <0.0001 Reject Null Hypothesis
P2 2.119 2.674 <0.0001
P3 2.398 2.733 <0.0001
P4 3.898 5.059 <0.0001
P5 4.180 4.857 <0.0001
P6 3.105 3.859 <0.0001
Fixation Duration P1 363.260 350.917 >0.005  Reject Null Hypothesis
P2 191.103 220.250 <0.005
P3 402.175 385.663 >0.005
P4 453.631 410.566 <0.005
P5 461.315 352.404 <0.0001
P6 829.930 438.377 <0.0001
Fixation Dispersion X axis P1 29.204 37.275 <0.0001 Reject Null Hypothesis
P2 35.290 43.649 <0.0001
P3 42.678 38.272 <0.0001
P4 28.813 36.302 <0.0001
P5 22.427 24916 <0.0001
P6 34.019 46.088 <0.0001
Fixation Dispersion Y axis P1 41.983 46.497 <0.005  Reject Null Hypothesis
P2 48.883 56.950 <0.0001
P3 43.212 40.093 >0.005
P4 28.139 30.440 <0.005
P5 19.455 19.404 >0.005
P6 40.083 44.308 <0.005
Blink Duration P1 195.987 157.498 <0.0001 Reject Null Hypothesis
P2 372.734 163.580 <0.0001
P3 768.498 422.997 <0.005
P4 181.943 159.951 <0.005
P5 331.798 268.668 >0.005
P6 323.594 307.674 >0.005h

individual stressed. IntelEye could also identify the uncomfortable scene that stressed the individual by extracting the
corresponding frame from the video. The participant’s gaze position at that time is highlighted based on the fixation
detection.

In the future, IntelEye can be integrated with the eye tracker software as a plugin tool and can be used in smart
working environments to indicate employee’s stress. The actual patients’ data will help ensure the IntelEye model’s
efficiency.
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