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Abstract
Background: Stress, a widespread mental health concern, significantly impacts people well‑being 
and performance. This study proposes a novel approach to stress detection by fusing cardiovascular 
and respiratory data. Methods: Fifteen participants underwent a mental stress induction task while 
their electrocardiogram  (ECG) and respiration signals were recorded. A  real‑time peak detection 
algorithm was developed for ECG signal processing, and both time and frequency domain features 
were extracted from ECG and respiration signals. Various machine learning models, including 
Support Vector Machine, K‑Nearest Neighbors, bagged decision trees, and random forests, were 
employed for classification, with accurate labeling achieved through the NASA‑TLX questionnaire. 
Results: The results demonstrate that combining respiration and cardiovascular features significantly 
enhances stress classification performance compared to using each modality alone, achieving an 
accuracy of 95.6% ±1.7%. Forward feature selection identifies key discriminative features from both 
modalities. Conclusions: This study demonstrates the efficacy of multimodal physiological data 
integration for accurate stress detection, outperforming single‑modality approaches and comparable 
studies in the literature. The findings highlight the potential of real‑time monitoring systems in 
enhancing stress and health management.
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Introduction
Stress is the response of the body 
characterized by heightened anxiety or 
pressure when encountering challenging 
circumstances. In clinical terms, stress 
denotes a psychological and physiological 
state associated with significant 
discomfort and distress.[1] According to 
the World Health Organization, stress 
is a mental health issue impacting the 
lives of approximately one in every four 
individuals.[2]

Stressors are events or conditions that can 
induce stress in individuals. The effects 
of stress can lead to both positive  (termed 
“good”) and negative  (termed “bad”) 
outcomes, depending on how individuals 
cope with them. Distress, characterized by 
anxiety or heightened concern, represents 
stress with unfavorable consequences. It 
can be brief or persistent. The effects of 
distress may include decreased performance 

and reduced mental clarity. Common 
sources of distress include fear, worry about 
future events, recurrent negative thoughts, 
unrealistic expectations, over‑commitment, 
poor planning, excessive job demands, job 
insecurity, and difficulty asserting oneself. 
Personal stressors, such as the loss of a 
family member, illness, financial problems, 
unemployment, sleep disturbances, and 
legal issues, can also trigger stress. 
Therefore, early detection of distress is 
crucial, as it can have a significant impact 
on individuals’ lives.[3]

Currently, only medical and physiological 
professionals have the capability to ascertain 
whether an individual is experiencing a 
state of depression  (stress) or not. One 
conventional approach to identifying stress 
involves the use of questionnaires.[4] The 
detection of stress is important not only 
for research and empirical investigations 
but also for nonclinical applications. For 
instance, such systems can be utilized 
by individuals working in stressful 
environments to assess occupational stress 
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levels.[5] In such systems, real‑time stress detection can 
be applied for biofeedback purposes, helping to mitigate 
the negative effects of stress. Standardized protocols are 
essential for conducting reliable and credible studies on 
stress induction. These protocols are categorized into three 
groups: physical, psychological, and mixed stressors, each 
with distinct physiological effects on the human body. 
These protocols are utilized in various applications and 
research studies to explore different aspects of stress.[6] 
The Montreal Imaging Stress Task  (MIST) is widely used 
as a psychological stressor technique in stress assessment 
studies. In the MIST, participants engage in mental 
arithmetic calculations under stressful conditions while 
their responses are monitored and assessed.[7,8] In addition, 
the Paced Auditory Serial Addition Test is a widely 
recognized cognitive assessment tool commonly employed 
in neuropsychological assessments and investigations into 
stress.[9]

The autonomic nervous system  (ANS) is responsible 
for regulating involuntary bodily functions such as heart 
rate  (HR), blood circulation, and breathing. It consists of 
two branches: the sympathetic nervous system  (SNS) and 
the parasympathetic nervous system  (PNS). Stress triggers 
the SNS, leading to an increase in cortisol levels.[10] In 
addition, during acute stress, the SNS heightens HR, 
respiration, sweat gland activity, and other physiological 
responses. Once the stressor dissipates, the PNS counteracts 
the stress response.[11] Consequently, monitoring cardiac 
and respiratory activities provide valuable insights into 
assessing the state of the ANS.

Heart rate variability  (HRV) serves as a noninvasive 
method for assessing ANS function. It refers to the 
variations in the time intervals between heartbeats, 
which are influenced by the ANS. The gold standard 
method for tracking HRV involves analyzing 
the inter‑beat intervals  (IBIs) measured using an 
electrocardiogram  (ECG) device. The standard power 
spectrum includes primary frequency components: 
the low‑frequency component  (LF: 0.04–0.15  Hz), 
influenced by both sympathetic and parasympathetic 
systems, and the high‑frequency component  (HF: 0.15–
0.4  Hz), indicative of respiratory sinus arrhythmia and 
predominantly regulated by parasympathetic activity.[12]

Respiration, the rhythmic act of inhaling oxygen and 
exhaling carbon dioxide, is fundamental to human 
physiology. When faced with stressors, the body’s ANS 
initiates a “fight‑or‑flight” response, which results in 
a series of physiological changes, including shallow 
breathing.[13] This altered respiratory pattern can, in turn, 
exacerbate stress symptoms, creating a cyclical feedback 
loop that contributes to feelings of anxiety and panic. 
Understanding this intricate relationship between stress 
and respiration is crucial, as it underscores the importance 
of stress management techniques such as deep breathing 

exercises and mindfulness practices in maintaining both 
physical and mental well‑being.[14]

The detection of stress is widely discussed in literature 
due to its significant impact on societal well‑being. The 
physiological signals commonly used in stress detection 
approaches include HR,[15,16] HRV, skin temperature,[17,18] 
skin conductance (also known as galvanic skin response),[19] 
blood pressure,[20] and respiration rate  (RR).[21,22] In this 
study, features are extracted from HR, HRV, and respiration 
signals to investigate the effectiveness of a multimodal 
approach in accurately detecting stress and reducing the 
potential bias associated with single‑modality methods. 
The subsequent sections of the paper cover the following 
topics. Section 2 introduces the materials and methods, 
followed by the presentation of stress classification results 
in Section 3. Finally, Section 4 contains the discussion and 
conclusions of the paper.

Materials and Methods
Participants

The study involved 15 healthy, right‑handed males and 
females with an average age of 25  ±  5. The respiration 
and ECG signals were recorded simultaneously  [Table  1]. 
According to self‑report, none of the participants had 
psychological, cardiac, or respiratory conditions, nor 
were they taking any medication. Before the experiment, 
participants were thoroughly informed about the study 
procedures and their right to withdraw at any time without 
penalty, and subsequently provided written consent. 
After task completion, they underwent a debriefing 
session to alleviate any remaining stress and were given 
the opportunity to express concerns or ask questions. 
Furthermore, this research has an ethics code with the 
number IR.UT.SPORT.REC.1403.037 issued by the 
research ethics committees of the University of Tehran, 
faculty of sports sciences and health.

Data acquisition protocol

ECG and respiration signals were recorded during the 
experimental phases. The ECG signal was captured using 
the ProtoCentral MAX86150 sensor, which requires two 
electrodes placed on the participant’s chest and in this 
experiment, ECG lead (I) was used. The device operates at 
a sampling frequency of 200 Hz. For recording respiration 

Table 1: Demographic characteristics of study 
participants

Characteristic Value
Number of participants 15
Gender distribution

Female 7
Male 8

Age (years), mean±SD 25±5
SD – Standard deviation
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signals, a chest‑band of type tension‑based mechanism 
was utilized. This sensor is set in the participant’s waist, 
positioned between the abdomen and chest. The sampling 
frequency was set at 10  Hz. Participants are instructed to 
remain still during the experiment to minimize movement 
noise and prevent motion artifacts.

Task sequence

Before starting the test, all participants were administered 
the State‑Trait Anxiety Inventory‑trait questionnaire to 
assess their anxiety levels, a common practice in research 
to monitor distress.[23] In this experiment, participants 
completed four 2‑min test phases involving mental 
arithmetic operations. The tests utilized mental calculation 
questions, and each phase was divided into three levels. The 
number of questions was not predetermined. Participants 
had 2  min to answer as many questions as possible based 
on their ability. It consists of the following levels:
•	 Easy level: Comprised of two operands  (two‑digit 

numbers) and one operator (addition or subtraction)
•	 Medium level: Consisted of three operands  (two‑digit 

numbers) and two operators (addition or subtraction)
•	 The difficult level is structured with three 

operands (single‑digit, two‑digit, or three‑digit numbers) 
and two operators  (operator 1: multiplication, operator 
2: subtraction or addition)

•	 In the final stage, questions from the three upper levels 
are randomly presented

The sequence of three upper levels  (easy, medium, and 
hard) is randomly determined during the experiment. 
Participants are unaware of the level displayed at any 
given moment, meaning participants will answer questions 
corresponding to a specific level. Following each 2‑min 
phase of the experiment, there is an immediate 2‑min 
rest period. Participants who underwent the instructional 
phase must fill out a questionnaire immediately after the 
test phase to assess their mental state  (level of stress). 
The NASA‑Task Load Index  questionnaire is utilized for 
this purpose. The block diagram of the task is shown in 
Figure 1.

Immediately after each arithmetic task  (categorized as 
easy, medium, hard, and random), subjects were asked 
to complete the NASA TLX questionnaire to assess their 

perceived workload. The NASA‑TLX is a tool used to 
measure the perceived workload of a task through multiple 
dimensions. The total workload for each task was divided 
into six subcategories: mental demand, physical demand, 
temporal demand, performance, effort, and frustration. For 
each task, subjects rated each subcategory on a scale from 
0 to 100. These ratings were then averaged to produce a 
score for each task. The average score serves as an estimate 
of the overall workload associated with each task.[24] The 
scores obtained from these questionnaires were then used 
to label the stress levels of each subject. Specifically, 
the NASA TLX scores for each subject were sorted in 
ascending order. The lowest score, indicating the least 
perceived workload, was labeled as “no‑stress,” while the 
highest score, representing the greatest perceived workload, 
was labeled as “stress.”[25]

Signal processing

The approach utilized to achieve the study objectives 
involves two main components, as shown in Figure  2:  (I) 
preprocessing both ECG and respiration signals to extract 
HRV and RR, and (II) stress classification.

Preprocessing

To extract HRV from the ECG signal, it is essential to 
eliminate artifacts, noise, and other unrelated frequency 
components. A  low‑pass Butterworth zero‑phase filter 

Algorithm 1: R detection from filtered ECG signal
Input: Filtered ECG signal, Hyper-parameter h, window size N
Output: Index of each peak J
1. J  []
2. for i = N +1 to Length(x(n))-N do
3.  window ← [x(i-N:I-1); x(i+1:I+N)];
4.  % window is N neighbors left and N neighbors right of x(i) 
5.  avg_window ← mean(window);
6.  sd_window ← std(window);
7.  threshold ← avg_window+h * sd_window;
8.  if x(i)> threshold then
9.  % new peak is detected
10.  J ← [J i]; % append it to list
11.  end if
12.  end for
13.  return J

Figure 1: Block diagram of the montreal imaging stress task test. It consists of three levels–easy, medium, and hard–each lasting for 2 min and separated 
by a 2‑min rest phase. The order of these phases is randomized, and a final random phase, which includes a mix of questions from the previous levels, 
is presented for 2 min. NASA‑TLX – NASA task load index
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with a cutoff frequency of 26  Hz is applied to accurately 
extract R peaks from the PQRST complex. The procedure 
for online identification of R peaks within the PQRST 
complex involves employing a window‑based algorithm. 
Before peak detection, a moving average filter with a 
window size of 0.04 s is applied to reduce noise. During 
peak detection, a peak is identified if its value exceeds 
the average value of the surrounding 0.125‑s interval. In 
addition, to eliminate local peaks such as the P  and T 
peaks within the PQRST complex, the peak value has to 
surpass a threshold defined as the standard deviation of the 
neighboring points multiplied by a hyperparameter ℎ. The 
procedure for localizing R peaks from the ECG signal is 
summarized in Algorithm 1. Following the extraction of R 
peaks from the ECG signal, HR is determined from the 
time interval between two successive peaks. HRV is then 
extracted by measuring the time‑varying nature of the HR 
signal.

The respiratory signal obtained from the chest band sensor 
undergoes processing that involves the use of a smoothing 
filter to eliminate power line noise and higher frequency 
interference. This is accomplished by applying a moving 
average filter with a window size of 3 s. Following this 
filtering step, peaks and troughs in the signal are accurately 
extracted using a straightforward peak detection technique, 
where a peak or trough is identified based on whether its 
value exceeds or falls below that of its neighboring points, 
respectively.

Stress classification

In this study, features are extracted from both the HRV 
and respiratory signal. To identify features with lower 
correlation and facilitate feature conditioning and reduction, 
principal component analysis is applied. The ECG signal 
is divided into 10‑s windows with a 75% overlap, similar 
to the approach used in the article,[26] which demonstrated 
that a 75% overlap is effective for feature extraction. This 

overlap increases the sample size for machine learning, 
enhances temporal resolution, and results in smoother 
transitions in the extracted features.[27] The respiration 
signal is segmented into 20‑s windows using the same 75% 
overlap.

The features extracted from the IBI encompass both 
time and frequency domain metrics, each serving distinct 
purposes in assessing HRV. The mean  (mt) HR within the 
window provides a baseline indicator of cardiovascular 
activity. The second statistical moment  (stdt) of HR 
reflects the variability of IBI. Metrics such as root mean 
square  (RMS) of successive differences  (RMSSD) and 
standard deviation of successive differences  (SDSD) 
are indices of parasympathetic activity and short‑term 
variability, respectively, providing insights into ANS 
dynamics. The percentage of successive intervals that 
differ by more than 50 ms  (PNN50) quantifies short‑term 
variability and can indicate cardiac health.[28] The ratio 
SD2/SD1 characterizes the nonlinear dynamics of HR 
fluctuations, offering deeper insights into the complexity 
and adaptability of the cardiovascular system. In the 
frequency domain analysis of HRV, the LF and HF 
spectral components are utilized to assess ANS activity. 
The LF component represents a mix of sympathetic and 
parasympathetic influences, while the HF component 
predominantly reflects parasympathetic activity. The LF/
HF ratio is employed as an indicator of sympathovagal 
balance, providing insights into the autonomic regulation of 
cardiovascular function.[29] The details of the extracted HRV 
features are presented in Table 2. Where xi (for i = 1,…,N) 
represents the HRV signal that has been windowed with a 
specific length N.

Selecting appropriate features from respiration signals for 
stress classification is crucial due to individual variations in 
respiratory behavior. For instance, respiratory rate can vary 
significantly among individuals, which poses challenges for 
general machine learning models. To mitigate this issue, 

Figure 2: The schematic illustrates the signal processing methods used for stress assessment, divided into two primary sections: cardiovascular and 
respiratory signal processing, and stress classification. Additionally, the electrocardiogram signal from one participant is displayed before and after 
preprocessing steps to demonstrate the effectiveness of the applied techniques. PCA – Principal component analysis; SVM – Support vector machine; 
KNN – K‑nearest neighbors
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features such as the standard deviation and RMS of respiration 
provide insights into the diversity and intensity of breathing 
patterns, capturing stress‑induced changes irrespective 
of baseline differences. Attributes such as respiratory 
fundamental frequency and power spectrum reveal dominant 
frequency components and energy distribution in breathing, 
reflecting stress‑induced alterations in respiratory dynamics. 
Similarly, features such as average inhalation and exhalation 
duration and inhalation‑to‑exhalation phase ratios highlight 
changes in breathing dynamics under stress, including 
disruptions in balance, altered phase durations, and shifts 
in inhalation‑to‑exhalation ratios that signify physiological 
responses to stress. These carefully selected features offer 
valuable discriminative information for stress classification 
despite individual variations in baseline respiratory 
parameters. The details of the extracted respiratory features 
are presented in Table 3. Where Rt (for t = 1,…,T) represents 
the signal of the raw respiration sensor while RRi (for t = 
1,…,N) represents the respiration rate (RR).

It is crucial to identify and manage outliers after feature 
extraction to ensure the accuracy and reliability of data 

analysis. Outliers can originate from measurement errors, 
physiological irregularities, or external factors, emphasizing 
the need for robust outlier detection and handling techniques. 
In this study, Local Outlier Factor  (LOF)[30] is applied to 
each sample using the 50 nearest neighbors to calculate 
outlier scores. Samples identified as outliers by LOF are 
subsequently omitted from the dataset to enhance data 
quality and preserve the integrity of subsequent analyses.

Results
Optimization of proposed peak detection hyper 
parameter

The proposed peak detection algorithm includes “h” as a 
hyperparameter. To fine‑tune this parameter quantitatively, 
the Critical Success Index  (CSI), as described in  (1) and 
similarly utilized in,[31] was examined. Values of “h” 
ranging from 0.9 to 2.1 with a step size of 0.2 were tested, 
and the highest CSI was achieved at h = 1.7.

Table 2: Features extracted from both the time and 
frequency domains of the heart rate variability signal

Features Description
Time domain

mt N
I i

1 x
N
∑

stdt
N 2
1 i

1  ( ‑ )x m
N
∑

RMSSD (ms)
N‑1 2
1 i+1 i

1  (RR ‑ RR )
‑1N
∑

SDSD (ms)
N‑1 2
1 i+1 i RR

N‑1
RR 1 i+1 i

1 (RR ‑ RR ‑ )
‑1

1= (RR ‑ RR )
‑1

m
N

m
N

∑

∑

2

1

SD
SD 1 2

N 2 2
1 i 1

1sd =  SDSD,  sd = 
2

2 (RR ‑ RR) ‑ sd
N
∑

PNN50
i+1 inumber of RR ‑ RR > 50ms

×100%
N

Frequency domain
LF  power of HRV in the [0.04Hz-0.15Hz] band
HF  power of HRV in the [0.15Hz-0.4Hz]  band
LF/HF LF

HF

RMSSD – Root mean square of successive differences; SDSD – 
Standard deviation of successive differences; LF – Low frequency; HF 
– High frequency; RR – Respiration rate; HRV – Heart rate variability

Table 3: Features extracted from both the time and 
frequency domains of the respiration signal

Features Description
Time domain

sdrr
N 2 N
1 i 1 i

1 1(RR ‑ ) ,   = RRm m
N N
∑ ∑

rms_diffrr
N‑1 2
1 i+1 i

1 (RR ‑ RR )
‑1N
∑

sdr
T 2
1 t

1 (R ‑ m)
T
∑

rmsr
T 2
1 t

1 R
T
∑

inhale_meanr N
1 i i

1  , = 

duration of 

inhale inhale

inhalatio  pn hase
N
∑

exhale_meanr N
1 i i

1  , = 

duration of 

exhale exhale

exhalatio  pn hase
N
∑

inhale_sdr
N 2
1 i r

1  (inhale ‑ inhale_mean )
N
∑

exhale_sdr
N 2
1 i r

1  (exhale ‑ exhale_mean )
N
∑

inhale
exhale

r

r

inhale_mean
exhale_mean

Frequency domain
main_freq frequency of maximum power spectral density 

in  [0.05Hz-0.5Hz]  band
power spectrumr 0.5Hz

0.05Hz PSD( ( ))R t∫

RR – Respiration rate; RMS – Root mean square
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P

P N P

TCSI = 
T + F + F

� (1)

In this context, TP (True Positive), FN (False Negative), and 
FP (False Positive) represent correctly detected, missed, and 
incorrectly detected peak, respectively.

Figure  3 depicts the differences in HRV between 
stress‑labeled conditions  (shown on the right) and 
no‑stress‑labeled conditions  (shown on the left). During 
stress‑labeled conditions, HRV variation is more 
pronounced, and there is a noticeable increase in total HR.

This pattern is consistent with findings from clinical research 
on cardiovascular mental stress testing and the broader 
neuroscience literature. Specifically, arithmetic tasks are 
known to induce high cardiovascular reactivity, which includes 
increased HR and reduced HRV.[32] These physiological 
responses make cardiovascular sensing a reliable method for 
differentiating between stress and no‑stress conditions.

In stressful conditions, the RR increases, and the duration 
of both inhalation and exhalation periods decrease. 
This observation is consistent with findings in the other 
literature.[33] Figure  4 depicts the respiration signal after 

Figure  5: NASA‑TLX scores are presented for arithmetic tasks across 
different difficulty levels: easy, medium, hard and ranndom. There is 
statistical significance (P < 0.001) between the Easy and Hard conditions. 
NASA‑TLX – NASA task load index

Figure 3: An instance of electrocardiogram waveform with detected peaks 
and heart rate variability signals observed in both stressful and nonstressful 
scenarios. ECG – Electrocardiogram; HRV – Heart rate variability

Figure 4: respiration signals with identified peaks and troughs observed 
under both stress and nonstress conditions

Figure 6: Performance metrics summary for classifier outputs across each 
sensing modality. ECG – Electrocardiogram

Figure 7: Heart rate variability and respiration signal over time. This figure 
displays the inter‑beat interval (IBI) and respiration signal for a participant 
during the biofeedback study. The top graph shows fluctuations in IBI over 
time, while the bottom graph depicts variations in the respiration signal. The 
pink‑shaded areas indicate periods of induced stress. IBI – Inter beat interval
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applying a smoothing filter, highlighting the corresponding 
peaks and troughs, which represent inhalation and 
exhalation phases.

NASA‑TLX scores

Figure  5 shows the NASA TLX scores for each task. 
Subsequent pairwise comparisons using the Nemenyi post 
hoc test revealed significant differences between the hard 
and easy tasks  (P  <  0.001). No significant differences 
were observed between the random and medium tasks, 
the easy and medium tasks, or the hard and medium tasks. 
Therefore, for robust classifier training, the easy and hard 
tasks were used to label no stress and stress conditions, 
respectively.

The feature matrix was created by incorporating all 
extracted features along with the corresponding class 
labels  (no‑stress and stress). This matrix consisted of 
instances represented by rows and features by columns, 
serving as the foundation for developing the classification 
model. To enhance the accuracy of the model by excluding 
irrelevant features, a feature selection process was 
implemented. Forward Selection was utilized, a method 
that begins with an empty model and iteratively adds 
features that offer the most significant improvement to the 
model. The initial significant features identified through 
this process included HRV measures such as SDSD and LF 
power, along with respiratory features including RMS of 
the respiration signal, standard deviation of the respiration 
signal, respiratory power spectrum and main frequency of 
the respiration signal.

Classification results

For a quantitative evaluation of classification performance, 
a 10‑fold cross‑validation approach was employed. The 
models used in this study included Random Forest, Support 
Vector Machine  (SVM), K‑Nearest Neighbors  (KNN), 
and Bagged Tree. These models are trained using three 
different feature sets: features derived from respiration 
data only, features derived from cardiovascular data 
only, and a fusion of features from both physiological 
signals to compare the effectiveness of multimodal stress 
classification. The evaluation metrics, including accuracy, 
precision, recall, and F1 scores, are presented in Table  4. 
The results indicate that the Bagged Tree and KNN models 
outperformed the other models. In addition, the fusion data 
produced more promising and superior results compared to 
using cardiovascular data and respiration data.

For further illustration, the results of the Bagged Tree 
model for stress classification using three types of 
datasets (respiration, heart, fusion) are depicted in Figure 6. 
According to the Friedman test followed by the Nemenyi 
post hoc test, the fusion of respiration and cardiovascular 
data produced significantly higher accuracy results 
compared to using respiration data alone  (P  <  0.001) and 
cardiovascular data alone (P < 0.001).

Discussions and Conclusions
In this study, concurrent ECG and respiration data were 
recorded to investigate the efficacy of various features and 
classification models in stress detection. A  real‑time peak 
detection algorithm was developed for ECG signals, and its 
hyperparameters were meticulously tuned to ensure accurate 
identification of R peaks within the PQRST complex while 
effectively filtering out local maxima that could lead to FP. 
Particular importance was placed on the selection of the h 
parameter, which was found to be crucial for reliable peak 
detection. Through experimentation, it was determined 
that the optimal range for h lies between 0.9 and 2.1. 
Values below 0.9 resulted in the detection of additional, 
incorrect peaks, whereas values above 2.1 led to missed 
peaks, significantly degrading the CSI score. As a result, 
the search space was narrowed to this range, and the best 
performance was achieved at h  =  1.7. Minimal variation 
in performance was observed for values close to 1.7, 
while parameters outside this range produced unacceptable 
outcomes. For the respiration data, peaks and troughs were 
extracted from the chest band signals, enabling the precise 
identification of inhalation and exhalation phases.

For added clarity, Figure  7 presents HRV and respiration 
signals over the course of the task, with stress periods 
highlighted in pink and rest periods indicated with a 
white background. As expected, HR increased while the 
IBI decreased during the stress‑inducing task. In addition, 
significant changes in respiration patterns, including 
variations in inhalation and exhalation, were evident during 
the task periods. This observation aligns with the findings of 
article,[34] which state that during stress, the SNS (associated 
with the body’s “fight or flight” response) becomes more 
active, resulting in an increased HR and decreased HRV. At 
the same time, the para‑SNS (responsible for relaxation and 
recovery) becomes less active, further contributing to the 
reduction in HRV.

Both time and frequency domain features were extracted 
from the ECG and respiration signals. These features 
included critical parameters such as HRV metrics and 
respiratory characteristics. To evaluate the classification 
performance, models including SVM, KNN, bagged 
decision trees, and random forests were trained and tested 
using cross‑validation methods to ensure robustness 
and generalizability. The MIST was administered to 
15 subjects, and the collected data were analyzed in 
three different configurations: cardiovascular data alone, 
respiration data alone, and a combination of both (fusion). 
The results highlighted that the fusion of respiration and 
cardiovascular features significantly improved stress 
classification metrics, including accuracy, precision, 
recall, and the F1 score. Furthermore, the study revealed 
that classification performance using cardiovascular data 
alone was notably higher than when using only respiratory 
data. This finding was substantiated by statistical analysis, 
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indicating a significant difference in the efficacy of the 
two data types. The effect of feature importance from 
both HRV and respiration was investigated using forward 
feature selection. This method involves iteratively adding 
features to the model based on their contribution to the 
classification performance, allowing for the identification 
of the most critical features. The analysis revealed that 
the most important features for stress classification 
included SDSD  (the SDSD differences between adjacent 
NN intervals) and LF power from HRV. These HRV 
features are known to reflect ANS activity, with SDSD 
providing insights into short‑term variability and LF 
power indicating the balance between sympathetic and 
parasympathetic activity. From the respiration data, key 
features identified were the RMS of the respiration signal, 
respiration standard deviation, power spectrum, and 
main frequency. These features capture essential aspects 
of the respiratory pattern, such as its variability and the 
distribution of power across different frequency bands, 
which are influenced by stress. The findings indicate that 
both HRV and respiration features significantly contribute 
to the accurate classification of stress. This result is 
consistent with other studies on stress classification, such 
as those presented in articles[35] which also highlight 
the importance of both HRV and respiratory features. 
The proposed method achieved an accuracy of 95.6% 
±1.7% for classifying stress versus nonstress situations, 
outperforming other similar studies that also used the 
fusion of respiration and ECG for stress classification.[36] 
This high accuracy underscores the effectiveness of the 
selected features and the robust integration of multimodal 
physiological data.

Limitations and future work

While the fusion of ECG and respiration features 
yielded promising results, several limitations and areas 
for improvement remain. First, the study focused on a 
relatively small sample size  (15 subjects), which may 

not fully capture the diversity of stress responses across 
different populations. Expanding the participant pool 
and considering factors such as age, gender, and health 
conditions could enhance generalizability. The peak 
detection algorithm used in this study performed well 
in nonartifactual situations. Therefore, it is essential to 
examine the performance of this algorithm on artifactual 
datasets to ensure its robustness and reliability in diverse 
conditions. In addition, the study primarily explored linear 
classifiers  (SVM, KNN, etc.), but more complex models 
like deep learning architectures (e. g., CNNs) should be 
investigated. These neural networks can automatically learn 
relevant features from raw data, potentially improving 
classification accuracy. Furthermore, the proposed method 
relied on supervised learning; exploring unsupervised or 
semi‑supervised approaches could provide insights into 
stress patterns without labeled data. Finally, integrating 
real‑time biofeedback mechanisms for stress management 
based on the detected physiological responses could be a 
valuable application.[37‑39]
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