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Stress has become an indispensable part of today's world. Stress can have a very serious negative impact
on human health. Knowing the intensity of stress on people is important in order to cope with it. In this
research, 4 different Fuzzy Logic (FL) structures were used to classify human stress through sleep. In the
established structures, the human stress detection data set in sleep and through sleep obtained from Kaggle
was used. In the FL structures created, blood oxygen level and respiratory rate were taken as input and

stress classification was made accordingly. Their performance in the classification of sleep stress was
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evaluated by using different membership functions in 4 different structures. In order to make a fair
comparison in the established structures, the FL parameter was determined the same, except for the
membership functions. As a result of experimental studies, the F model established with the generalized
bell showed more successful results than the models established with other membership functions.
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1. Introduction

Stress, which has made a great impact on people from the past
to the present and has become a popular disease in the
technological age we live in, seriously affects human health
(Deveci, 2017). Stress affects vital functions such as heart rate,
blood pressure, breathing rate, blood sugar in humans
(Yildirim, 2008). In order to minimize these effects, knowing
the stress level is important for taking the right steps. In
addition, determining the stress situation requires time and
cost. Decision support systems eliminate these disadvantages.
Thanks to the developing new generation technologies and
artificial intelligence, decision-making models are being
developed in many areas (Adem etal., 2019; Biilbiil et al., 2022;
Biilbiil and Oztiirk, 2022; Isiketal, 2017; Isik etal., 2018; Pacal
and Karaboga, 2021). These developed models can eliminate
the disadvantages such as time, cost, and expert person
requirements.

Looking at the studies in the literature, Kumar and Dhulipala,
in a study they conducted (Kumar and Dhulipala, 2016), made
a fuzzy logic-based stress classification as a result of the
surveys they conducted on social networking sites. In the
study, where blood pressure and heart rate were used as
inputs, it was emphasized that devices that can access social
networks increase stress. Rasgoo et al. (Rastgoo et al., 2019)
proposed a model for classification of drivers' stress.
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Successful results have been obtained in stress classification
with this model, which uses convolutional neural networks and
long short-term memory. Baumgartl et al. (Baumgartl et al,,
2020) have proposed a model for diagnosing chronic stress.
Random Forest Classifier was used in the model using EEG
data. Successful results were obtained as a result of
experimental studies. Shin et al. (Shin et al, 2002) used fuzzy
logic to predict the stress situation on people. In the study
using 5 different biosignals, a model was created that quickly
evaluated the stress on humans and tested on healthy
individuals. Nagvi et al. (Naqvi et al., 2021) used FL to perform
stress measurement. Stress level was measured with the
parameters of temperature, oxygen level, blood pressure, skin
moisture and heart rate taken with physiological sensors and
successful results were obtained. Zalabarria et al. (Zalabarria
et al, 2018) used fuzzy logic to classify the stress level in
humans. In the study, 3 physiological variables, respiration,
galvanic skin response, and electrocardiogram, were used as
input and stress was classified into 3 groups.

In the literature, FL is frequently used in stress classification.
The studies used are generally based on a single model. There
are many membership functions in the FL model. The use of
different membership functions on the same model affects the
success of the model. In this research, 4 different FL models
were used to classify sleep and human stress. Classification
successes of models established with different membership
functions have been controversially compared.


http://www.dergipark.gov.tr/beuscitech
https://orcid.org/0000-0003-4165-0512

Bitlis Eren University Journal of Science and Technology 12 (2) (2022) 60-63

2. Material and Method
1.1. Fuzzy logic

Fuzzy Logic (FL) is a set of objects with uncertain boundaries
that are separated from normal sets by the concept of
membership (Awasthi et al., 2005). The fuzzy logic structure
consists of four basic structures: fuzzification, rule base,
inference mechanism and defuzzification (Biilbiil et al., 2019).
The FL model presented by these structures is shown in Figure
1.

liipiie | Fuzzification Inference Defuzzification S OutE
P | Interface Engine Interface P
Fuzzy Rules
Base

Figure 1. FL structure

In the FL model presented in Figure 1, the data is blurred with
the first determined membership function. An inference is
obtained according to the rule base determined over the fuzzy
data. The resulting inference information is defuzzificationed
and the output is obtained (Yildirim et al,, 2021).

1.2. Dataset

The data set used in the research was taken from kaagle and is
used in the literature (Human Stress Detection in and through
Sleep, n.d.). The data set includes snoring interval, respiratory
rate, body temperature, limb movement rate, blood oxygen
levels, eye movement, number of sleep hours, heart rate
information and stress levels related to these measurements,
collected from 630 individuals. Stress levels based on these
criteria were classified into 5 groups as low/normal, medium
low, medium, medium high, and high (Rachakonda etal., 2021).

1.3. Evaluation metrics

Performance evaluation in multidimensional classifiers can be
measured with accuracy calculation (Heydarian et al.,, 2022). In
order to make this calculation, the confusion matrix of the
classifier must be created. An exemplary multidimensional
confusion matrix is shown in Figure 2.
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Figure 2. Multidimensional confusion matrix structure
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In Figure 2, TP stands for true positive, FP stands for true
negative, TN stands for false positive, and FN stands for false
negative. According to these expressions, the accuracy is
calculated as presented in Equation 1 (Chen et al., 2022).

TP+TN

Accuracy(dcc) = ——————
TP +TN+FN+ FP

(€3]

3. Experimental Studies and Results

In this part of the research, FL. models were established to
classify the stress levels of individuals with Triangle (Model1),
Trapezoid (Model2), Generalized Bell (Model3), Gauss
(Model4) membership function. For each FL model,
respiratory rate (RR) and blood oxygen level (BO) were used
as inputs in the data set, while stress level (SL) based on these
values was determined as output. The boundary values of the
membership functions in FL are as shown in Table 1.

Table 1. Boundary values of the membership functions.

Parameters Minimum Maximum
RR (input) 82 97
BO (input) 16 30
SL (output) 0 4

Membership functions are classified as low(L), medium(M),
high(H) in each model, and the rule base presented in Table 2
is used in each model for a fair comparison.

Table 2. Rule base used in models.

BO
RR Low Middle High
Low Low Low Low
Middle Middle Middle Middle
High High High High

The boundary values of the membership functions created in
each model are kept the same for a fair comparison, and the
membership functions created in different models for BO are
shown in Figure 3.

Each model created was applied on the data set and the output
values produced by the models were rounded for the clusters.
In the established models, Mamdani inference method and
center defuzzification method were used as they are frequently
used in the literature with successful results. (Mohapatra and
Lenka, 2016) In the Models were created on the MATLAB
platform. Confusion matrix created for each model as a result
of experimental studies is shown in Table 3-6.
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a) Membership function plots Table 4. Confusion matrix for Model2.
L M H Predicted Values
Actual Low / Medium/  Medium Medium/  High
values Normal Low High
Low / Normal 126 0 0 0 0
Medium/ Low 2 116 8 0 0
Medium 0 0 99 27 0
) : : n ‘ ‘ Medium/ 0 0 59 67 0
32 14 ] High
b) Membership function plots High 0 0 0 52 74
L M H ] ]
Table 5. Confusion matrix for Model3.
Predicted Values
Actual Low / Medium /  Medium Medium/  High
£ values Normal Low High
Low / Normal 126 0 0 0 0
Medium/ Low 10 99 17 0 0
2 4 y 30 2 4 ) Medium 0 0 126 0 0
Medium/ 0 0 32 94 0
C) Membership function plots : High
M H .
High 0 0 0 33 93
Table 6. Confusion matrix for Model4.
Predicted Values
Actual Low / Medium /  Medium Medium/  High
values Normal Low High
) Low / Normal 126 0 0 0 0
= 5 = a & Medium/Low ¢ 121 5 0 0
d) Membership function plots Medium 0 0 126 0 0
L M i Medium/ 0 0 32 94 0
High
High 0 0 0 94 32
‘ Using the confusion matrices created in Table 3-6 for each
model, the accuracy rates of the models were calculated
according to the accuracy formula presented in Equation 1. The
‘ success of each model in stress classification is shown in Table

32 ] 38 10 12 34 16 7.
Figure 3. Membership functions used in the research a) Triangle Table 7. Accuracy rates of models.
membership function b) Trapezoidal membership function c) Generalized
bell membership function d) Gauss membership function Models Accuracy (%)
Modell (Triangle membership function) 78
Table 3. Confusion matrix for Model1. Model2 (Trapezoidal membership function) 76
Predicted Values Model3 (Generalized bell membership function) 85
- - - - Model4 (Gauss membership function) 79
Actual Low / Medium / Medium  Medium / High
values N 1 L High . . .
orma o ® According to Table 7, the model established with the
Low /Normal 126 0 0 0 0 Generalized Bell membership function produced more
Medium/Low 0 124 2 0 0 successful results in stress classification than other models. In
) this model, as in other models, the respiratory rate and blood
Medium 0 0 122 4 0 . .
oxygen level were used as inputs, the mamdani method was
Medium/ 0 0 56 70 0 used in the extraction step, and the centroid method was used
High in the defuzzification step.
High 0 0 0 78 48
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4. Conclusion

Stress, which is an indispensable part of today's world, causes
negative and serious problems on human health. The intensity
level of the stress on the person is directly proportional to the
damage done. Although it is important to know the stress level
in order to eliminate stress, decision support systems used in
this field are of great importance. In this research, FL-based
models were created for the classification of human stress.
Experimental studies were carried out on the data set used in
the research by choosing different membership functions in
the models created. The findings showed that the FL model
established with the Generalized Bell membership function
gave more successful results than the other models. In future
studies, decision support systems can be created on different
platforms. With the specified parameters, applications can be
developed easily in mobile environments.
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