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Abstract 

 

According to the published reports and studies, the symptoms of the disease caused by the COVID-19 virus have not yet been 

fully determined. It is a major stress on clinicians to make a correct and consistent decision about whether to apply the test or not, 

as many factors with extreme uncertainty need to be evaluated at once. In this study, it is aimed to provide assistance to the clinicians 

by processing the data using fuzzy logic based decision support system at the time of the decision-making process. In the designed 

fuzzy logic based decision support system, a fuzzy rule-base was created with linguistic information by interpreting the symptoms 

that are naturally uncertain by experts. With the help of the obtained fuzzy rule base, the input data of symptoms will be processed 

and the risk of a person being infected will be obtained as an output. As the results of the estimation module constructed with the 

existing parameters are examined, it is observed to be compatible with the data published before. In this context, a data set with 50 

different patients were designed randomly to evaluate the system. For the analysis of the nonlinear mapping obtained with the 

Mamdani type fuzzy inference system, random test data is used and infection risk at rates varying between 12.5-83% was 

determined. The fuzzy logic based decision support system for COVID-19 can be accepted as applicable, flexible, and trustworthy 

for clinicians. It can be said that this system is not only suitable for COVID-19 but also applicable for future epidemics. 
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1. Introduction 

 

Disease is often defined as any impairment, disorder or 

disability in the functions or physiological, biological structure 

of the human body (Hunter, 2009). It is diagnosed by physician’s 

interpretation of characteristic signs and symptoms. In general, 

there are no clear standard case definitions for the diagnosis of a 

disease. Due to these uncertain signs and symptoms, the 

decision-making process for a physician becomes more 

complex. Clinicians try to interpret the patient’s condition by 

requesting more tests in order to make more accurate decisions 

in the diagnosis process. The complex diagnostic process 

becomes more complicated by the increasing number of exams 

that need to be evaluated simultaneously. Computer-aided 

systems have been used to assist clinicians in this complex and 

uncertain disease diagnosis process. It is difficult to determine 

the nonlinear nature of the symptom, disease, and diagnostic 

process consisting of uncertainties with the two-valued classical 

logic. With its adaptation, learning, and reasoning capabilities, 

artificial intelligence (AI) began to play an increasingly 

important role in improving the quality of diagnostic 

effectiveness in healthcare. (Hossein et al., 2018). In our study, 

fuzzy logic as a class of AI method has been used to model the 

aforementioned complexities of the decision process. 

Fuzzy logic is necessary in cases where the problem is 

complex to be solved and expert opinions are needed on this 

subject or it is difficult for individuals to evaluate and make 

decisions alone (Sen, 2009). Using linguistic expressions with 
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fuzzy logic, approximate results can be created in a shorter time 

without the need of a mathematical model (Novak et al., 2016). 

For instance, Akcam and Takada (2002) designed a fuzzy model 

to assist dentists in choosing the type of braces labelled as low, 

medium, and high in terms of pressure according to the mouth 

structure of the patients. It was observed that a significant part 

of the decisions made by the model were also approved by 

experts. Bates and Young (2003) developed a fuzzy model 

where mean arteriole blood pressure and urine excretion per 

hour turbid values were taken as inputs, and the amount of drug 

required to open the intravascular occlusion was estimated to 

control the intervention to return patients in intensive care units 

with stopped heartbeat. Stanley et al. (2003) used fuzzy logic to 

distinguish between malignant facial tumors and benign skin 

lesions for accurately diagnosing patients. 

Grant and Naesh (2005) used fuzzy logic and decision-

making systems in the field of anaesthesia where drug dosage 

and ventilation adjustment were aimed with variables such as 

respiratory rate and blood pressure. Benecchi (2006) designed a 

fuzzy model to assist clinicians in the diagnosis of prostate 

cancer. The intended use of the data presented in these studies 

and in the system designed in our study is similar. COVID-19, a 

multisystem infection with pneumonia, is the subject of this 

study. In their study, Pereira et al. (2004) developed a fuzzy 

model for the diagnosis of pneumonia for children by using X-

ray, shortness of breath and stethoscope auscultation, heart rate, 

body temperature, toxaemia and respiratory rate data. Data from 

153 children who were previously diagnosed with pneumonia 

were used in the discriminant analysis and the designed fuzzy 

model. They reported that fuzzy logic has a 78.3% correct 

classification and is a good model for diagnosing diseases with 

its accuracy when compared with discriminant analysis (Pereira 

et al., 2004). Nascimento and Ortega (2002) designed a fuzzy 

model with a Mamdani inference engine to predict the risk of 

neonatal death in children within 28 days after birth where birth 

weight and birth age are taken as inputs and neonatal mortality 

risk was estimated as an output. 

In COVID-19 rapid tests and screening tests, false 

positivity and false negativity rates are not stable. Also, the 

confidence interval is not clear. Therefore, wrong approaches 

may occur depending on the test results. At the same time, there 

may be exposure due to the testing process being carried out in 

hospitals. Within the telemedicine concept, it is obvious that 

people have less exposure during the diagnosis and treatment 

process without going to the hospital remotely. Cismondi et al. 

(2013) designed a fuzzy logic model with 11 variables as input 

and the output is used to estimate the patient’s condition and to 

reduce the unnecessary laboratory tests during the treatment 

process of patients with gastrointestinal bleeding. An accuracy 

of more than 80% was achieved in the classification of necessary 

and unnecessary laboratory tests for patients. And thus, an 

average 50% reduction in the number of laboratory tests was 

obtained. Blackmore et al. (2011) stated that unnecessary 

radiological examination procedures have many negative 

consequences such as exposure to unnecessary radiation and 

waste of resources of health institutions. Therefore, when 

requesting a radiological examination, it was investigated 

whether it is possible to benefit from a decision support system 

that works integrated with electronic health record (EHR). 

As of December 31, 2019, the World Health Organization 

issued a warning against COVID-19 pneumonia transmission of 

unknown origin in Wuhan, People’s Republic of China. The 

virus was named as 2019 novel coronavirus (2019-nCoV) and 

was later named SARS-CoV-2 virus by the International Virus 

Taxonomy Committee (ICTV) in reference to its close similarity 

with SARS. SARS-CoV-2 is classified within the 

Betacoronavirus (subgenus Sarbecovirus) of the Coronavirus 

family. The virus binds to an angiotensin converting enzyme 2 

(ACE2) receptor while inducing infection. SARS-CoV-2 is the 

seventh coronavirus (HCoV) known to infect humans (Uras, 

2021). 

The clinical picture of COVID-19 can range from 

asymptomatic infection to severe disease, depending on age, 

gender and many other parameters. Mortality rates vary by 

country. At this time of the pandemic, early laboratory diagnosis 

of COVID-19 can aid clinical management and outbreak 

control. Diagnostic testing may involve detecting the virus itself 

(viral RNA or antigen) or the human immune response to the 

virus. Although there are differences in approach to the 

diagnosis of COVID-19 in different countries, as stated in the 

diagnosis documents reported by WHO, mainly, a patient is 

deemed to have a COVID-19 infection after evaluation of 

clinical symptoms by biosensor screening test, verification by 

PCR and subsequent computerized tomography image of the 

lungs (Genc, 2020; WHO, 2021). 

In our study, the emergence of COVID-19 infection at 

varying age ranges, varying symptoms, and ambiguity due to 

changing practices in the test protocols were taken into account. 

Also, the symptoms of an infected person involved ambiguity in 

it. Using computer-aided systems to provide support in the 

decision-making process will provide more consistent and 

healthier results instead of leaving this decision, which is a 

process of evaluating many symptoms together, under human 

control. In this study, the most common symptoms of COVID-

19 infection were determined and the obtained data were 

included in a fuzzy inference system and the probability of a 

person’s being infected that presents the symptoms was taken as 

an output. 
 

1.1. Fuzzy logic 

 

The concept of fuzzy logic gained meaning in our modern 

era with the article published by Lotfi A. Zadeh in 1965 who is 

considered as the modern founder of fuzzy logic (Zadeh, 1965). 

Fuzzy logic, which did not gain importance after the first 

published article, started to be used more in the mid-1970s. The 

articles (Zadeh, 1973; 1975) published by Lotfi A. Zadeh in 

those years, in which the applicability of fuzzy logic to complex 

systems were explained, had an effect on the increase of fuzzy 

logic researches. Since the 1980s, the numerous studies of the 

Japanese who have increased their interest in fuzzy logic have 

enabled fuzzy logic to reach its present level. Today, it is 

possible to use fuzzy logic in most conceivable areas 

(Shahbazova et al., 2020). 

Fuzziness is all the incomplete and uncertain information 

that is possessed when there is no complete information about 

the subject being evaluated (Sen, 2009; Novak et al., 2016). The 

linguistic expressions used in daily life for variables are directly 

applied to label fuzzy sets and with infinite number of 

membership degrees and an inference mechanism a crisp output 

is obtained. With its linguistic elements, the human brain 

actually acts like a fuzzy logic system in decision making 

process. Likewise, a fuzzy logic is a system where many 

uncertain expressions are evaluated as input parameters and the 

result is reached after passing through fuzzy system processes 

(Shahbazova et al., 2020). 
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1.1.1. Fuzzy sets - classic sets 

 

In classical sets, an expression either belongs to one set or 

to another. On the other hand, in fuzzy sets, an expression may 

belong to one set to some extent, but also to other sets to 

different degrees. The difference of a fuzzy set and a classical 

set is shown in Fig. 1. As can be seen in the representative 

graphs, a situation in a classical set is either 1 or 0. In a fuzzy 

set, instead of a sharp distinction, there are degrees of truth or 

falsehood of that situation. In classical logic, a proposition can 

be true or false. However, in fuzzy logic everything is a matter 

of degree (Zadeh, 1965; 1996). 

The human life and linguistic information mostly involve 

vagueness that make it impossible to have sharp or precise 

distinctions in the world. Fuzzy sets and fuzzy logic theory 

provides us to use human expert knowledge and linguistic 

information (Zadeh, 1973; 1975; 1996). 

 

1.1.2. Fuzzy logic system structure 
 

The fuzzy logic system is based on linguistic information. 

It is based on finding the approximate non-linear mapping of a 

non-linear uncertain system input-output relation with a simple 

software process and without the need of mathematical system 

model. While developing a model for a fuzzy system, the input 

parameters of the problem are determined first. Then the input 

parameters are defined using fuzzy sets. Different membership 

functions can be used when defining fuzzy terms. Membership 

functions are explored in detail in (Zhao & Bose, 2002). Output 

parameters corresponding to the inputs are also determined and 

defined using fuzzy terms. After that, the rule base is created 

with “IF-THEN” structure. In this process, a list of rules is 

created with verbal expressions based on expert knowledge 

about the problem. Fig. 2 shows the general structure of a fuzzy 

logic system. 

In Fig. 2; the inputs are all the information (numerical and 

verbal) about the problem entries and the outputs are all the 

information (numerical and verbal) corresponding to the input 

parameters of the problem. The fuzzification block is the step of 

defining a precise input variable with the specified membership 

functions. Membership degrees of the input variable to sets are 

determined between 0 and 1. At the end of this step, exact values 

are converted into fuzzy values (Kayacan & Mojtaba, 2016). At 

the fuzzy rule base block, by using inputs and outputs, a rule list 

is created with the linguistic information of the expert 

knowledge in "IF-THEN" structure. The fuzzy inference system 

(FIS) engine works integrated with the rule base. At this step, all 

rules are evaluated separately and a decision is made for each 

fired rule. As a result, fuzzy output sets are obtained (Ross, 

2004). The defuzzification is the last step in which the obtained 

fuzzy outputs are converted to a precise value. It is the opposite 

process of the fuzzification phase. Many methods are used in the 

defuzzification process. The most commonly used methods can 

be listed as: center of gravity, maximum average, weighted 

average, and area center (Ewald & Mohammad, 2015). 

 

1.1.3. Mamdani fuzzy inference system 

 

FIS is also known as rule-based fuzzy systems, fuzzy 

expert systems, and fuzzy models (Sivanandam et al., 2007). FIS 

is the process of formulating the mapping from a given input to 

an output in which a decision is made based on information 

defined in the “IF-THEN” rule structure. In many areas, FIS can 

make predictions in decision-making processes (Liu, et al., 

2019). In the literature, various FIS engines were developed that 

can solve specific problems better that the others. However, the 

two most popular methods in FIS can be listed as Mamdani and 

Takagi-Sugeno-Kang. Mamdani FIS engine is the most widely 

used inference method which is intuitive, suitable for human 

linguistic knowledge, and has an interpretable rule base 

(Mamdani & Assilian, 1975). Mamdani FIS, as the output sets 

are also fuzzy, some operations need to be done later in this 

method. We can list all the operations of the method as: 

fuzzification, inferring from rules triggered on the rule base, 

merging and defuzzification after output clusters. 

 

1.1.4. Fuzzy rule base 
 

The fuzzy rule base was created in the form of an “IF-

THEN” structure with linguistic information, using expert 

knowledge according to the considered symptoms and age data. 

When creating rules, the minimum method will be used for the 

AND operator and the maximum method will be used for the OR 

operator.  

 

1.1.5. Fuzzification 

 

Fuzzification is the calculation of membership degree of 

fuzzy sets to crisp input values. Triangular and trapezoidal 

membership functions are the most common types of 

membership functions as they are easier to represent (Pedrycz, 

1994).  Each rule is fired separately to a degree that is a function 

of the match between its antecedents and the crisp input. 

 

1.1.6. Aggregation 

 

In this study, for the composition of fuzzy relations Max-

Min composition is used. It is necessary to collect all the 

triggered rules after the fuzzification process. Thus, the 

defuzzification process will be started for the sum of the fuzzy 

clusters formed as a result of all the collected rules. In the 

designed model, the maximum method is used for the 

combination process.  

Thus, the largest of the smallest (max-min) method was 

used in the fuzzy model. The largest of the results obtained at 

the same input value will be taken as the basis for the 

defuzzification process. Representational graphics of 

fuzzification and defuzzification processes are shown in F. 3. 

 

1.1.7. Defuzzification 

 

At this stage of the FIS, a single crisp output will be 

obtained in the summation of all the triggered fuzzy clusters. The 

center of gravity (centroid), which is one of the most widely used 

defuzzification methods, was chosen. In this method the 

geometric center of gravity of the sum of the obtained fuzzy 

clusters is found. The crisp output obtained with center of 

gravity method can be given as follows: 
 

𝑦 𝑐𝑒𝑛𝑡𝑒𝑟 =  ∫
𝜇(𝑦𝑖)𝑦𝑑𝑦

𝜇(𝑦)𝑑𝑦
 

 

1.1.8. Decision support systems 

 

Human beings have to make decisions for the problems 

they face in most of their lives. Human decisions  emerges  as  a 
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Fig. 2. General structure of fuzzy logic system. 

 

 

Fig. 1. (a) Fuzzy set representation plot. As an example, the value of 35°C belongs to the first set at a rate of 80%, while 20% belongs to the 

second set, (b) Classical set representation plot. A certain value belongs either to the first set or to the second set. 

 
 

Fig. 3. A fuzzy system using the minimum (min) method for firing rules and using the largest (maximum) method for the combining process. 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

careful assessment of alternative choices in terms of the 

likelihood and value of the outcomes associated with these 

choices, and is always expected to end with a correct, true, right 

decision (Hickson & Khemka, 2014). Many environmental 

factors and personality are effective in the decision-making and 

problem solving process.  

Decision support systems are computer-aided systems that 

assist human decision makers by evaluating the whole data 

acquired in the complex decision-making process. As mentioned 

before, many factors are involved in the decision-making 

process and these factors direct the result. Decision support 

systems, on the other hand, provide selection forecasting and 

decision support to the decision-making mechanism by 

simultaneously evaluating environmental factors, similar 

choices previously experienced and all written, verbal, visual 

and audio data related to the problem. Decision support systems 

have emerged and developed in line with requirements (Musen 

et al., 2006). 

Formerly, the developers of decision-making mechanisms 

had main difficulty in finding information about the problem. 

Presently, much more information about the problem can be 

reached, but the main problem now is to evaluate all data 

objectively  and  simultaneously.  Decision  support  systems  are 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

user interactive systems for healthier, more consistent, accurate 

and effective decisions without ignoring the decision maker. It 

aims to assist the decision maker in accessing, summarizing, 

analyzing and concluding data (Miller et al., 1982; Musen et al., 

2006). 

 
1.1.8. Clinical decision support systems  

 

Clinical decision support systems are computer-aided 

systems that assist healthcare administrators, doctors, nurses and 

experts in decision-making in their fields. The benefits of 

clinical decision support systems in the field of health are 

increasing progressively (Miller et al., 1982; Musen et al., 2006). 

Clinical decision support systems offer many opportunities 

in the healthcare field (Kohli & Piontek, 2008) and have begun 

to be used in many areas such as the management of increasing 

healthcare costs, determining the treatment services to be 

applied to the patient, laboratory management, hospital 

management, and interpretation of test results.  

We can classify clinical decision support systems under 3 

titles; (Musen et al., 2006). 

a) Tools for knowledge management; Clinical decision 

support systems for information management in healthcare 
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institutions enable the storage of information and data that will 

be needed by managers and clinicians and present the 

information to decision makers in a meaningful way at any time 

(Miller et al., 1982).  

b) Systems for warning and focusing on one area; In such 

systems, the abnormalities are defined, and the user is notified 

of abnormal situations encountered. It also tries to prevent 

abnormal situations that arise from escaping the user’s eye. For 

example, if a treatment is applied to the patient, the physicians 

will list the possible results regarding the treatment result.  It 

informs the physician about the answers to the questions on how 

the drug may affect the patient’s condition when drug therapy is 

applied. In general, it can be called a warning and reminder 

system (Miller et al., 1982; Musen et al., 2006). 

c) Expert systems; in such systems, with the knowledge 

base created by the experts, patient data are processed and 

diagnosis or comments are made about the patient. Expert 

systems reduce the cost of services in the medical field or 

provide decision support in diagnosis and treatment processes. 

For instance, estimating the diagnosis of various diseases from 

the symptoms of the patient has been previously conducted with 

the Internist-1 project (Miller et al., 1982). 

 

2. Materials and methods 

 

In this study, the estimation of the risk of being infected 

according to the age and the most common symptoms during the 

COVID-19 epidemic, which the whole world is currently 

passing through, was made by using a fuzzy logic system having 

a Mamdani FIS. 

The literature published in the determination of the most 

common symptoms of infected patients, as well as the reports of 

World Health Organization (WHO), Republic of Turkey 

Ministry of Health and other countries have been taken as a 

source (RTMH, 2021; WHO, 2021).  

Symptoms and age data determined in the study were taken 

as an input for the fuzzy model and the probability of people 

being infected was taken as an output data. After the input and 

output data were determined, fuzzification was performed. 

Later, the probability of a person being infected is obtained by 

applying defuzzification to the fuzzy output of the fuzzy rule 

base and Mamdani FIS. The data processed according to 

Mamdani FIS, selected fuzzification and defuzzification 

methods were obtained. The designed fuzzy model was made 

with Matlab R2015a scientific package program and Fuzzy 

Logic Toolbox environment therein. 
 

2.1. Identification of symptoms 
 

The literature published while determining the symptoms 

of COVID-19 and the statements of WHO, Republic of Turkey 

Ministry of Health, US Department of Health and Human 

Services and the UK National Health Service were used (NHS, 

2021; RTMH, 2021; WHO, 2021). Symptoms are broadly 

classified into main (common) symptoms, rare symptoms, and 

severe symptoms.  
 

Table 1 

Examples of the rules created by expert knowledge. 

There are differences in the published literature and reports 

because the exact risk factors and severity of the symptoms are 

still unknown (Genc, 2020; Guan et al., 2020). 

Since the COVID-19 outbreak has such an imprecise and 

vague expression, it was requested to evaluate the risk of 

infection with a fuzzy modeling. Generally, main symptoms are 

listed as fever, cough, and joint pain-fatigue. Rare symptoms 

include diarrhea, headache, loss of taste and smell. Shortness of 

breath is listed as a severe symptom (CDC, 2020; Guan et al., 

2020; NHS, 2021; TRMH, 2021; WHO, 2021). In this study, 

main symptoms and the severe symptom listed above were 

decided to be used as an input data. The fever data, joint pain-

fatigue level and shortness of breath of the person to be informed 

will be entered into the model as between 0 and 10 (0: very bad, 

10: very good) and if there is a dry cough, it will be entered into 

the model as 1, if not 0. 

The incidence of COVID-19 disease also varies according 

to age groups. According to the reports of World Health 

Organization and Republic of Turkey Ministry of Health 

(TRMH, 2021; WHO, 2021), it is seen that the majority of the 

infected patients are in the 25-49 age group.  

According to the current reports of the Republic of Turkey 

Ministry of Health, 7.3% in children aged 15 and under, 13.7% 

between 15-24 years old, 49.4% in the 25-49 age group, 18.5% 

between the ages of 50-64, 8.4% occurred in the 65-79 age 

group, and 2.6% were 80 years old and above.  

In this study, the risk of people being infected will be taken 

as the output data to be obtained as a result of the input data and 

the fuzzy rules. The risk of being infected is divided into 5 

groups.  

From symptoms entered as input data fever graph is shown 

in Fig. 4 (a), joint pain and fatigue graph (b), dry cough graph 

(c) and shortness of breath graph (d). 

In the model made in the study, age data were examined in 

4 groups to obtain more meaningful data.  Age data groups are: 

0-24, 25-49, 50-79, 80+.The age data graph created in the model 

is shown in Fig. 5.  

Output data in the study were grouped as: very low, low, 

medium, high and very high. Triangle and trapezoidal 

membership functions are used when defining output data in the 

model. In the model, the risk of infection is given in percentage 

(%). The graphic created with selected membership functions is 

shown in Fig. 6. 
 

2.2. Fuzzy rule base 
 

Some of the rules created by expert knowledge in the study 

are shown in Table 1. A total of 216 rules were created. 

In the designed model, after entering the age of the person, 

the condition of joint-muscle pain, shortness of breath, the 

presence of cough and the fever level the risk of infection were 

taken as outputs. After a few data entries, the results of the model 

are shown in the Fig. 7.  

The figure shows the rule viewer display, the data fired 

according to the input data, and the sum of the fuzzy rules 

combined with the clarification process.  

 

 

Fever (°C) Age Shortness of Breath Dry Cough Joint-Muscle Pain Risk of Infection 

High 80+ High 0 (not presented) Moderate Medium 

High 80+ High 0 (not presented) Not Presented Low 
High 80+ High 0 (not presented) Very Much Very High 

High 80+ High 0 (not presented) Moderate High 
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Fig. 4. Graphics of input variables. (a) Fever data, (b) Joint pain and fatigue, (c) Dry cough, (d) Shortness of breath. 

 
 

Fig. 5. Age data graphic. 

 
 

Input data: 

Fever: 37.9. 

Age: 42. 

Breath Condition: 7 (0: very bad to 10: very good). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Dry Cough: 1 (Yes) (0: not present, 1: present), 

Joint-Muscle Pain Condition: 6 (Between 0: very much and 10: 

not present). 

Results: Person’s risk of becoming infected: 74.9%. 
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Fig. 6. Infection risk graphic as an output data. 
 

 
 

Fig. 7. Rule viewer display. (a) The rule viewer displays on the Fuzzy Logic Toolbox, (b) Some fired rules, (c) Results graphic after fuzzification 

and defuzzification processes. 
 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3. Results and discussion 

 

Outputs of the model are shown in Table 2. Model outputs 

as risk of infection are ranked (%) from low to high. 

 3D graphics of the designed model were drawn according 

to variables such as age-fever, age-shortness of breath, age-joint 

and muscle pain. 3D graphics created on Fuzzy Logic Toolbox 

are shown in Fig. 8, Fig. 9 and Fig. 10. 

In this study, it was aimed to make predictions based on the 

symptoms of the disease by using fuzzy logic with the data of 

the pandemic COVID -19 that affected many people globally. In 

the first learning stage of the study, when the results of the 

estimation module constructed with the existing parameters in 

Fig. 4 a, b, c and d are examined, it is observed how the model 

will accommodate the estimate when taken from the real-life 

scenario.  

Similarly, age data were observed to be compatible with 

the conducted studies and published hospital admissions.  Model 

outputs as the percentage of infection were obtained by using a 

fuzzy rule base designed with expert knowledge and a proper 

defuzzification operation. In this context, 50 different patients 

set were formed depending on the experimentally applied data.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The fever, age, breathing condition, the presence of dry 

cough, joint and muscle pain belonging to these patients were 

added to these data sets and the risk of infection calculated as a 

result. As a result of randomly entered data with fuzzy logic 

created by us, infection risk at rates varying between 12.5-83% 

was determined. It is generally observed that the prediction 

deviation is less in studies conducted with fuzzy logic. In the 

fuzzy system designed by us, it is predicted that exposure and 

laboratory consumables will decrease, and it is in line with the 

studies mentioned in literature survey. 

 

4. Conclusion and recommendations 

 

There are almost no areas where software technology does 

not enter the human life. It is obvious that software support is 

required in order to ensure uniformity in the variations that occur 

in treatment approaches depending on the variability of 

experience despite the sample of information in the health 

sector.  

Fuzzy logic makes it available to effectively deal with 

uncertainties in the decision‐making process of electronic health 

records. In our study, a fuzzy logic based clinical decision. 
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Table 2 

The outputs of the fuzzy decision support system. 

Outputs of the Model 

Data No. Fever (°C) Age Breath Condition Dry Cough Joint-Muscle Pain Risk of Infection (%) 

1 36.0 8 10 0 (not presented) 10 12.5 

2 36.1 18 10 0 (not presented) 9 17.3 

3 35.9 77 10 0 (not presented) 10 17.8 

4 36.5 23 8 0 (not presented) 5 25.3 

5 39.2 13 9 0 (not presented) 7 27.5 

6 37.5 21 10 0 (not presented) 7 28.3 

7 39.0 14 8 0 (not presented) 7 30.5 

8 36.2 41 6 0 (not presented) 9 30.6 

9 36.8 71 7 0 (not presented) 4 30.6 

10 37.0 49 4 0 (not presented) 8 30.7 

11 36.6 28 4 0 (not presented) 7 30.8 

12 38.3 86 9 0 (not presented) 3 34.6 

13 38.9 28 8 0 (not presented) 8 36.0 

14 38.1 32 7 0 (not presented) 8 38.2 

15 36.7 35 9 0 (not presented) 3 38.9 

16 36.8 57 4 0 (not presented) 3 39.9 

17 37.0 30 8 0 (not presented) 2 41.3 

18 35.9 77 7 1 (presented) 9 41.3 

19 38.0 64 6 0 (not presented) 6 42.2 

20 37.4 40 9 0 (not presented) 4 43.3 

21 36.3 36 1 0 (not presented) 2 43.5 

22 40.0 58 9 0 (not presented) 6 44.6 

23 38.7 64 6 0 (not presented) 4 45.0 

24 38.5 28 7 0 (not presented) 3 45.9 

25 37.9 37 6 0 (not presented) 4 46.1 

26 37.5 11 8 1 (presented) 6 50.1 

27 36.8 26 6 1 (presented) 9 50.9 

28 36.7 17 7 1 (presented) 3 51.5 

29 37.9 35 6 0 (not presented) 1 55.8 

30 38.3 26 3 1 (presented) 9 58.9 

31 38.7 26 9 1 (presented) 10 59.0 

32 37.1 61 2 1 (presented) 4 60.4 

33 37.2 47 3 1 (presented) 9 61.3 

34 37.3 37 2 1 (presented) 9 62.0 

35 37.6 25 9 1 (presented) 3 62.0 

36 39.6 53 7 1 (presented) 9 65.0 

37 36.4 29 4 1 (presented) 4 65.7 

38 39.6 67 8 1 (presented) 7 66.0 

39 37.2 36 8 1 (presented) 4 66.4 

40 39.9 70 8 1 (presented) 8 67.8 

41 38.1 53 2 1 (presented) 8 70.2 

42 39.5 82 3 1 (presented) 4 70.8 

43 37.2 41 7 1 (presented) 5 72.0 

44 39.8 57 6 1 (presented) 7 74.7 

45 37.7 42 7 1 (presented) 6 74.9 

46 38.7 43 6 1 (presented) 7 75.1 

47 39.2 31 6 1 (presented) 3 76.8 

48 38.9 29 3 1 (presented) 5 78.1 

49 38.6 34 5 1 (presented) 5 81.8 

50 40.0 37 1 1 (presented) 1 83.0 
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Fig. 8. (a) Output age-fever plot of the designed model, (b) Distribution of the age-fever according to the colored map. 
 

 
 

Fig. 9. (a) Output of the designed model, age-joint, muscle pain, (b) distribution of age-joint, muscle pain according to the colored map. 

 
 

Fig. 10. (a) Output of the designed model, age-shortness of breath, (b) distribution of the age-shortness of breath according to the colored map. 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

support system is obtained as a pretest of COVID-19 for 

obtaining a risk scale to ensure that tests are directed to the right 

people.  

It is difficult to break the resistance of the physicians 

related to artificial intelligence based decisions. However, the 

proposed  fuzzy  logic  based  system  never replaces a physician;  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

on the contrary, it is thought to contribute to the public health 

and health economy by supporting the physician's decisions. In 

addition to the rise of virtual communication in the COVID-19 

pandemic, which occurred during the current decade and 

changed the world, it is observed that the effectiveness of 

software-supported prediction modules also became prominent 
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and the concept of home healthcare services increased. 

In addition to the insidious and changing symptoms of 

COVID-19, its fatal course continues without clear information 

about the public health risks. Considering the analysis of the 

fuzzy logic decision support system designed in this study, it is 

seen that positive results in estimation can be obtained using five 

different symptoms as input.  

If new symptoms are decided to be appended to the 

proposed system, this can be easily obtained by adding new rules 

and revising the current rules to adapt to other symptoms. 

Therefore, the proposed system could support the clinicians and 

doctors in the diagnosis processes of COVID-19 by manually 

adapting as the disease change. When the results of our study are 

analyzed, it is observed that the related literature also has 

compatible results with our estimation results and that it is a 

successful model for the diagnosis of infection. 

This study was done by using a Mamdani-type fuzzy 

inference system which obtains a nonlinear mapping between 

the input values and the output. Thus, it has been tried to show 

that it is possible to predict COVID-19 with a Mamdani-type 

fuzzy logic-based decision support system. The results obtained 

against 50 randomly generated patient data were found to be 

successful by experts and doctors in this field. 
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