
  Design of a Biosignal Based Stress Detection  System       
Using Machine Learning Techniques 

                                                 1U. SRINIVASULU, 2K.SAI, 3CH. SAI LIKITHA, 4T. PREM, 
                                                                                                  5P. SADIQ ALI. 

2

kattasai0504

@
    
 
 
 

Abstract  This study represents a design of a 

detection system of stress through machine 

learning using some available bio signals in 

human body. Stress can be commonly defined 

as the disturbance in psychological 

equilibrium. Stress detection is one of the major 

research areas in biomedical engineering as 

proper detection of stress can conveniently 

prevent many psychological and physiological 

problems like cardiac rhythm abnormalities or 

arrhythmia. There are several bio-signals 

available (i.e. ECG, EMG, Respiration, GSR 

etc.) which are helpful in detecting stress levels 

as these signals shows characteristic changes 

with stress induction. In this paper, ECG was 

selected as the primary candidate because of the 

easily available recording (i.e. several mobile 

clinical grade recorders are available now in the 

market) and ECG feature extraction 

techniques. Another advantage of ECG is that 

respiratory signal information can also be 

detected form ECG which is known as EDR 

(ECG derived Respiration) without having 

separate sensor system for respiration 

measurement. Features of ECG signals are 

distinctive and collection of the signals is cost-

efficient. From ECG we derived RR interval, QT 

interval, and EDR features for the development 

of the model. For the implementation of a 

supervised machine learning (SVM) method in 

 was 

used as the training dataset and validation. SVM 

was chosen for classification, as there are two 

classes of labeled -

 were 

verified by changing the feature number and 

Kernel type. Our results showed an accuracy 

level of 98.6% with Gaussian Kernel function 

and using all available features (RR, QT and 

EDR), which also emphasizes the importance of 

respiratory information in stress detection 



 

  

 

through Machine Learning. 
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I. INTRODUCTION 

Stress can be commonly interpreted as the 

disruption in normal psychological equilibrium. 

When a person is unable to balance between the 

demands that are placed on him/her and his/her 

ability to cope with them, then it causes pressure on 

mental health which creates stress. There are two 

kinds of stresses. Eustress is defined as positive 

stress [1] and distress is when stress has negative 

impact in life. Mental professionally. Stress can 

lead to various kinds of health problems especially 

several forms of cardiovascular diseases [2-4]. 

Figure 1 describes graphically how different form 

of stress affects two branches of Autonomic 

Nervous system and their after effects such as 

arrhythmogenesis [7]. The sympathetic nervous 

system (SNS) is stimulated by physiological stress 

and this can result in arrhythmias especially 

Ventricular tachyarrhythmias [3-7]. Many 

physiological parameters are also affected by the 

activation of SNS such as pupil dilation, skin 

conductivity, respiration and muscle activity [10-

13]. In addition, different parameters of an ECG 

such as RR, ST, QT intervals as well as heart rate 

variability (HRV) are affected by stress [14-18]. 

Reduced heart rate variability, increased QT 

dispersion, and changed respiratory pattern are 

found to be led by stress [19-20]. People with these 

changes have the utmost risk for emerging fatal 

ventricular arrhythmias [6-7]. Therefore, detection 

or identification of stress is crucial in preventing the 

initiation of cardiac complexities. 

 

Figure 1: How Stress induce Arrhythmia [7] 

 

 

To identify stress, questionnaire-based counseling is 

a conventional method that is commonly used. 

However, this method may seem time-consuming as 

well as costly as a psychological expert is needed to 

assess whether a person is stressed or not. That is 

Bio-signal based detection techniques are getting 

popularity that can determine real- time stress and 

can effectively save time and cost. Many 

researchers have studied different bio signals to 

identify real-time stress such as ECG, galvanic skin 

response (GSR) [8], electromyogram (EMG) [9-11], 

skin temperature (ST) [12], skin conductivity [13], 

respiratory rate and respiration amplitude [14], 

blood pressure etc. ECG signal is widely used in 

stress-based researches, as collection of ECG data is 

simpler, distinctive and affordable now due to 

advances in effective mobile ECG recorders. In 

addition, a lot of information besides heart rate 

variability (HRV) parameters including respiratory 

pattern can be extracted from ECG, which makes it 



 

  

 

an ideal choice for stress detector [15- 16,21]. 

Until now, almost all other methods have only 

used HRV (i.e. RR interval based different 

statistical features) as the main features to detect 

stress [10-16]. In our study, we used three crucial 

features form ECG: QT interval, RR interval and 

EDR (ECG Derived Respiration) to detect stress. 

People having stressed condition may be identified 

by the prolongation of QT interval. The 

sympathetic nervous system is affected by stress 

[17]. QT intervals of ECG during stressed 

condition were investigated and the outcome 

showed that QT intervals are shortened when a 

person is stressed [18]. Respiration and the 

cardiovascular system are strongly interconnected 

with each other [19]. Stressed individual has a 

faster and shallower breathing pattern [20]. 

Respiratory rate and respiration amplitude are 

associated with SNS activity, which directs to 

stress [19]. EDR is used as a substitute for the 

original respiratory signal as they show similar 

behavior [21]. Use of EDR removes the necessity 

of having extra respiration measurement system. 

Supervised machine learning method was chosen 

to detect 

database as training data [22]. To the best of our 

knowledge, little work has been carried out on 

stress detection through machine learning using 

bio-signals and previous works have not been 

comprehensively considered due to low model 

performance [13]. The following sections describe 

the model formation and the model performance 

characteristics analysis. 

                  2.DATA FOR MODELLING 

For training the model, Stress Recognition in 

Automobile 

at Physionet (www. Physionet.org) was used where 

some healthy  normal and stressed 

 [22]. In this 

database, an experimental protocol was designed 

and verified for the detection of stress due to 

driving in heavy traffic condition form 

physiological signals of the healthy subjects. 

According to the designed procedure, subjects were 

driving car following a set route and their 

physiologic reactions were monitored by analyzing 

several recorded physiological signals like 

Electrocardiogram (ECG), Electromyogram (EMG), 

skin conductivity and respiration [22]. The driving 

protocol was designed to take the driver in different 

road conditions with variable traffic such that 

different levels of stress were likely 

data were taken. In our study, we have used 5 

minutes of ECG signal during resting and high-

stress condition. The resting conditions of the 

 

condition and driving in heavy traffic conditions 

were considered as  

The ECG signals were filtered for baseline 

removal and features were extracted using the 

same methodology as described in details in [21]. 

In this algorithm, to detect different peaks of ECG 

(i.e. R wave peak, Q wave pint, T wave peak and 

T wave end) RR interval and QT interval time 

series were formed for the whole length of ECG. 

EDR signal was derived as the variation of R 

wave amplitude. Almost 2500 observations for 

both resting and stressed condition (i.e. RR, QT 

and EDR data points) were used to train the 

model. 

  



 

  

 

             3.METHODOLOGY AND MODELING  

The modeling and validation were done 

according to the block diagram in figure 2. 

Classification Learner app from  

Machine Statistics and Machine Learning 

Toolbox was used to train and validate the 

model. 

 

 

Figure 2: Block Diagram of SVN Model analysis 

 

In this study, Supervised Machine Learning has 

been used to detect stress. ECG features that were 

chosen to detect stress are QT interval, RR 

interval and ECG Derived Respiration. By 

analyzing them, the model will decide if the 

subject is stressed or relaxed. As there are 

exactly two class labels in our data, (i.e. stressed 

and Not stressed or relaxed) we have chosen 

Support Vector Machine (SVM) for 

classification and detection of stress. 

 

 

Figure 3: Training data selection 

Support Vector Machine (SVM) can be used for 

both discrete and continuous data sets. 

Nevertheless, it is mostly used for discrete data 

sets, i.e. Classification Technique. In this method, 

the data is plotted into an n-dimensional plane 

where n is the number of features. Then 

classification is performed by finding the 

hyperplane that differentiates the two classes. 

Figure 3 shows the Data and decision variables 

processed for Model Training. 

First, the model was trained with three SVM typess 

(Linear, Quadratic and Cubic) using the default 

kernel functions and the cross validation scheme 

was chosen as the holdout validation with a degree 

of 50% in the Classification Learner App. All of the 

three features i.e. QT interval, RR interval, and 

ECG Derived Respiration (EDR) were used. By 

analyzing the scatter plots, confusion matrix, and 

ROC curves the accurate model can be chosen. 

Model accuracy depending on different types of 

SVM is represented in Table 

1. Further modifications can be done with the 

model to find accurate results.       

Table 1: Model accuracy for different types of 

SVM model using all the features and the default 

kernel function in MATLAB 

 

Model Name Features Used Accura

cy 

Linear SVM  

QT interval, RR 

interval, 

EDR 

52.6% 

Quadratic 

SVM 

88.6% 

Cubic SVM 97.2% 

 

To analyze the effect of different features, the 

model was then trained using only one feature to 



 

  

 

understand if it is possible to detect stress 

accurately. A significant drop in the model 

accuracy was found if we use only one feature as 

shown in Table 2. If we train the model with only 

two features by unchecking any of the three 

features from   option of 

Classification Learner and train the model again, 

the model accuracy becomes low compared to the 

previous one. Model accuracy differences by 

training with only two features can be noticed 

from Table 3. 

Table 2: Model accuracy by using only one feature 

Model 

Name 

QT 

Interval 

RR 

Interval 

EDR 

Linear 

SVM 

50.5% 61.3% 48.6

% 

Quadratic 

SVM 

30.6% 40.8% 48.7

% 

Cubic SVM 61.5% 54.5% 49.0

% 

Combination of QT interval and RR interval was found  

To give an accuracy of almost 95%. Other models failed to 

generate comparable amount of accuracy using 

combinationof two features (Table 3). Almost all of the   

model-basedstress detection techniques until now have 

used only onefeature, mostly RR interval to detect stress 

as found in theliterature. But their performance is not 

acceptable forbiomedical applications (i.e. Accuracy level 

less than 95%).Therefore, in this study we trained the 

model with QTinterval, RR interval and ECG Derived 

Respiration (EDR)separately and analyzed the results. We 

have chosen EDR(ECG Derived Respiration) as an 

alternate for respirationsignal as they show similar 

properties and be used assuccessfully in many previous       

studies [21]. No externalsensors were used to record 

respiration signal. To the best ofour knowledge, no                                            

previous study has used respiratoryinformation from ECG  

(ECG Derived Respiration or EDR)and QT interval in 

stress detection using machine learningtechniques. 

 

   Table 3: Model accuracy by using combination 
of two features used for modeling 

 
Model Name QT, 

RR 
QT, 
EDR 

RR, 
EDR 

Linear SVM 50.6% 52.6% 61.5% 
Quadratic 

SVM 83.5% 86.3% 51.2% 

Cubic SVM 94.9% 89.2% 53.1% 
 

the model performance. Therefore, we have 
trained the models with different kernel functions. 
Linear and Quadratic kernel functions did not 
show good results. Only Gaussian and Cubic 
kernel function types showed promising results in 
detecting stress using all three features of ECG as 
shown in Table 4. 

Table 4: Model performance by changing Kernel 
Functions 

 
Model Type Kernel 

Function 
Accura

cy 

Linear SVM 
Gaussian 98.6% 

Cubic 97.2% 

Quadratic SVM 
Gaussian 98.6% 

Cubic 97.1% 

Cubic SVM 
Gaussian 98.6% 

Cubic 97.2% 
 

 

   RESULT 

              Fig: Input Image 



 

  

 

                   

               Fig: Features Image 

 

 

              Fig: Predicted output 

 

                           

               Fig: Accuracy  

                                                                                

 

 

                                                      

                  DISCUSSION AND CONCLUSION 

Table 1 shows the model accuracies using three 

features of ECG. From Table 1, it was found that 

the model cannot be used for detection of stress if 

we train it with linear SVM, because it shows only 

52.6% accuracy. We analyzed the confusion 

matrix of linear SVM and noticed that, the 

number of correctly predicted stressed and relaxed 

data is only 44% and 61% respectively. On the 

other hand, other SVM models i.e. Quadratic 

SVM, and Cubic SVM showed higher accuracy. 

Among them, Cubic SVM shows the highest 

accuracy of 97.2% with default Kernel function 

(i.e Cubic Kernel type) the number of correctly 

predicted stressed and relaxed data of 98% and 

97% respectively. Therefore, we can say that, 

without changing the default kernel function is in 

Classification Learner APP in MATLAB, Cubic 

SVM model is the best to detect stress. 

If QT interval, RR interval and ECG Derived 

Respiration (EDR) are used separately to detect 

stress, the model shows very poor accuracy as 

shown in Table 2.   Therefore, it can be concluded 

that the model performance will not be acceptable 

if we use only one feature of the ECG signal for 

stress detection. 

If two features were used to train the model, the 

model accuracies were also found to be very low 

except of Cubic SVM for QT and RR interval. 

Changes with model accuracy after deducting one 

feature from the list can be observed in Table 3. 

In all cases, Linear SVM is showing very poor 

accuracy in detecting stress. Even if Cubic SVM 

is showing a bit of higher accuracy with QT 

interval and RR interval- based models, other 

feature combinations produce unacceptable 

performance. RR interval and EDR based 



 

  

 

. 

model was showing significantly low accuracy than 

other feature-based models. Therefore, it can be 

concluded that the model will be more accurate if we 

use three features of ECG signal rather than two. 

Moreover, as long as QT interval and Respiratory 

information (EDR) are used as one of the two  

features, the model performs better than the  

models without QT interval. Therefore, it can be said 

that, QT interval and EDR are important parameters 

to detect stress as established by some recent studies 

[22]. 

 

 

Fig 4: Confusion Matrix for the Cubic SVM using 

Gaussian Kernel function  

We have also tried training different models by 

changing their kernel functions. During these 

training, three features of the ECG signal were used. 

We can easily compare the values of Linear SVM 

models from 1 with Table 4 and say that the model 

becomes very accurate if we use different kernel 

functions other than the default one (i.e. Linear 

Kernel) to modify the model. Moreover, it was found 

that all the models with level of high accuracy as 

shown in Table 4. In this case, he best model was 

chosen by analyzing their confusion matrix showing 

true positive and false negative rates. Cubic SVM 

with kernel function Gaussian having an accuracy of 

98.6% was chosen as the best model to detect stress. 

It was chosen because it has correctly predicted 

stressed and relaxed data of 99% both where all other 

models with Gaussian kernel function have correctly 

predicted stressed and relaxed data of 99% and 98% 

respectively (Figure 4 and 5).  

 

 

Fig 5: Confusion Matrix for the Linear and Quadratic 

SVM Gaussian kernel function  

 

In this paper, different models to detect stress has been 

trained using multiple ECG features such as QT 

interval, RRinterval, and EDR. This method to detect 

stress from ECG signal can help an individual to assess 

 condition as well as physical 

condition, from which he/she will be able to take 

necessary precautions. It was also concluded that, the 

more features we use, the more accurate the model 

becomes. 
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