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Abstract
Stress is an important factor affecting human health, and its timely detection can significantly improve
quality of life. This study addresses the current issue of identifying stress states using
photoplethysmography signals obtained from the wearable Shimmer 3 sensor. The purpose of the study
was to establish an effective approach for stress detection, specifically through the analysis of heart rate
variability changes during different states: rest and stress. A distinctive feature of the research is the use
of the air raid siren sound as a stress factor. The research methodology includes the collection and
analysis of biosignals, allowing for the assessment of cardiovascular system functioning under the impact
of stress factors. The results of the study demonstrated significant differences in heart rhythm indicators
depending on the person's state, highlighting the potential of these metrics as a tool for health monitoring
and stress detection. The paper proposes a new approach to using photoplethysmography for assessing
stress responses, which may contribute to the development of personalized stress management methods.
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1. Introduction

Stress is a physiological response, both physically and mentally, to changes in our surroundings.
It's something everyone experiences now and then. Stress can be triggered by a variety of factors
(known as stressors), such as everyday responsibilities, work, family matters, significant life events,
health issues, conflicts like war, or death of relatives [2]. The physiological basis for regulating
changes in the body and maintaining homeostasis is the functioning of the nervous system,
specifically the autonomic nervous system [3]. The parasympathetic and sympathetic nervous
systems must remain in constant balance to ensure timely and adequate responses to different
stress situations [4]. This balance is supported by many vital functions, such as heart rate, pulse,
breathing frequency, urinary and digestive system activity, and sweat gland activity [5]. The
functional state of human organs and systems forms the basis of numerous methods for detecting
stress. The body also reacts to stress by releasing hormones that increase heart rate and breathing,
preparing muscles to respond to the stress situation. When there is an immediate threat to health
or life, this response is beneficial [7]. However, if such a reaction persists and the stress level
remains elevated for longer than necessary for survival, it can negatively affect health. Chronic
stress may contribute to the development of physical and mental disorders such as diabetes,
arthritis, hypertension, anxiety disorders, and depression [7]. The above demonstrates the
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importance of recognizing stress and taking preventive measures [8]. Currently, various methods
are available for reliably detecting stress states, based on data obtained through
electrocardiography, electroencephalography, and electromyography [9]. However, these methods
require stationary patient placement, trained personnel, and strict adherence to measurement
protocols, which is not always accessible both physically and financially.

To facilitate the stress detection process, wearable sensors were used to measure physiological
signals. This enables wireless data transmission using Bluetooth protocol so that machine learning
algorithms can be applied for further data analysis.

2. Objective of the Study

The aim of this study is to analyze photoplethysmography signals acquired under resting and
stress conditions to develop a machine learning-based method for detection of stress. The air raid
siren signal, transmitted via a siren, was chosen as the stressor, and its effect was studied on
individuals from various cultures and life experiences.

3. Material and Methods

To collect biosignals for further analysis, the Shimmer 3 sensor was used, specifically a module
capable of gathering photoplethysmography signals. A photo of the sensor is shown in Figure 1.

Figure 1: Photo of the Shimmer 3 sensor

This module allows real-time data transmission from a small wearable device to a computer or
phone. The company that manufactures these devices is certified according to ISO 9001 quality
management standards and ISO 13485 medical device standards.

Photoplethysmography (PPG) is a non-invasive technique that measures changes in blood
volume using a light source and a photodetector placed on the skin. A standard PPG device
consists of these two main components: a light source and a photodetector.



Figure 2: PPG signals

The light source in a PPG device emits light onto the skin, and the photodetector captures the
light that is reflected back from the tissue. The amount of reflected light varies with changes in
blood volume, which is proportional to the pulsatile flow of blood. The PPG signal derived from
this interaction contains valuable health information. By analyzing this signal, researchers and
physicians can assess cardiovascular conditions such as atherosclerosis and arterial stiffness. An
example of a heartbeat graph captured using PPG technology is shown in Figure 2.

The signal formation and measurement protocol for PPG signals are shown in Figure 3. Test
participants spent 5 minutes in calm conditions without stimuli, followed by 3-minute
measurements to obtain results in a stress-free state. After that, the air raid siren signal was
activated, and another 3-minute measurement was conducted. Then, data on nervous system
recovery were collected for another 3 minutes. The participants were informed about the study's
purpose and procedures, and they provided consent for the processing and use of their personal
data for scientific purposes. Data such as age, gender, height, weight (for calculating body mass
index), the presence of endocrine and cardiovascular disorders, and prior experience with air raid
signals in real situations were also collected to explore potential correlations. The air raid siren was
chosen as a stressor because it is ethically appropriate and relevant given the current
circumstances in the country, allowing for the analysis of reactions without causing harm to the
participants. The study group included 30 individuals, aged 20 to 30, equally divided between 15
men and 15 women.

Figure 3: Experiment protocol

The obtained data was classified using K-Nearest Neighbors, Naive Bayes, Random Forest,
Decision Tree and Support Vector Regression machine learning models.

4. Results and Discussion

The acquired PPG data was analyzed using the heart rate variability (HRV) method. HRV is an
evaluation of the heart's electrical activity [11]. The heart rate varies according to physical activity,
emotional state, and stress, reflecting the body's adaptive responses. HRV is an indicator of how
the heart reacts to different stimuli. Changes in HRV can serve as early warning signals for the risk
of heart disease, making it an important tool for heart health monitoring. Two metrics in the time
domain of HRV were calculated: SDNN and RMSSD. SDNN is the standard deviation of heart
contraction intervals. RMSSD is the root mean square of successive differences in heart contraction
intervals. The obtained data were later compared with the normal ranges of these components [12].
Figure 4 shows three box plots of the for SDNN metric for the participants of the experiment. The
first plot shows the results for the "Relaxation" phase, the second during the stress factor, and the
third during the first air raid signal.



Figure 4: Box plot for SDNN

In order to evaluate the classification outcome, the accuracy metric has been selected.
Accuracy is defined as the ratio of correctly classified cases (TP + TN) to the total number of

cases (TP + FP + FN + TN).

Accuracy = 푇�+푇�
푇�+퐹�++퐹�+푇�,

(1),

where TP (True Positive) - the number of cases where the algorithm correctly classified the
positive condition; TN (True Negative) - the number of cases where the algorithm correctly
classified the negative condition; FP (False Positive) – the number of cases where the algorithm
incorrectly classified a negative condition as positive. Also known as a Type I error; FN (False
Negative) – the number of cases where the algorithm incorrectly classified a positive condition as
negative. Also known as a Type II error.

Finally, three groups of participants have been identified:

 Those whose HRV metrics were within the normal range during the relaxation phase and
then were outside the normal range during stress – 23%

 Those whose HRV values were outside the normal range during the relaxation phase and
then within the normal range during stress – 7%

 Those whose SDNN and RMSSD values during the siren sound were either within the
normal range or outside the normal range – 70%

The HRV analysis using SDNN and RMSSD highlights the adaptive resources of our body,
particularly the ability of the cardiovascular system to respond to various changing environmental
conditions, such as stress caused by an air raid signal and a state of rest. Interestingly, in most
cases (70%), HRV values remained stable and did not change under the influence of stress factors.
This stability was observed both when HRV values were within the physiological range and when
they were outside the normal range. This may indicate high adaptive resources in the individuals
studied, who, through neuro-regulatory and endocrine mechanisms, are capable of adapting to
stressful situations by regulating cardiovascular system activity. These individuals may exhibit



potential resilience or limited adaptability to stress. On the other hand, 23% of participants
demonstrated a significant decrease in HRV values during stress, suggesting heightened sensitivity
to stressors. The final group, comprising 7%, showed an interesting inverse relationship, where
stress improved their HRV parameters, potentially indicating a form of positive adaptation or a
specific stress-response mechanism.

In order to prove the impact of stress on the cardiovascular or other systems some additional
diagnostic methods can be used [15-16]. This includes the integration of intelligent systems and
data-driven services in healthcare, as discussed by several authors [17-19]. This highlights the
importance of using technology to improve medical outcomes, with future data storage supported
by cloud solutions [20-22]. Our research, which examines the impact of stress on a human body,
contributes to this discussion by focusing on a particular health aspect influenced by lifestyle
factors. Based on the results obtained, it was found that the Naive Bayes method achieved the
highest classification accuracy with 88%. Other methods, such as K-Nearest Neighbors, Random
Forest, and Decision Tree, showed lower accuracy but still made valuable contributions to the
overall data analysis. Thus, the machine learning approach enables a comprehensive evaluation of
the data and facilitates stress detection.

5. Conclusions

In the current study, a method for detecting stress using photoplethysmography technology was
investigated. The results indicate significant differences in SDNN and RMSSD values depending on
the individual's state, confirming the importance of these indicators for heart health monitoring
and detecting stress responses.

Heart rate variability (HRV) analysis provides various metrics that reflect the balance between
the sympathetic and parasympathetic nervous systems. Further analysis of other stress indicators
to identify more correlations using machine learning methods will serve as a basis for developing
new approaches to stress detection and management. The results not only expand our
understanding of stress response mechanisms, but also contribute to the development of
personalized approaches to health.
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