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Abstract. Coronavirus disease, first detected in late 2019 the COVID-19 pandemic has con-
siderably affected lives of all people around the globe. The health discipline has been using 
extensively mathematical models to address difficult medical problems. Mathematical 
models cannot be useful to anyone without specific theories. The crucial and important dif-
ference between correlation and causation is analyzed and discussed. There is uncertainty 
and ambiguity on several aspects of the COVID-19 pandemic. The symptoms are many and 
vary from person to person and from geographical region to geographical region. Challeng-
ing issues of the COVID-19 pandemic are analyzed. Recently new mutations of COVID-19 
have shown us how rapidly a new disease can take new roots and spread. Such events are 
accompanied by an explosion of clinical and epidemiological information and research. Bil-
lions of data are provided every day. Many theories are summoned to battle COVID-19 es-
pecially artificial intelligence (AI).  Most techniques that are being used in the detection, di-
agnosis and epidemiological predictions, forecasting and social control for combating 
COVID-19 are using statistical theories and the correlation coefficient. The recent theories 
of Fuzzy Cognitive Maps (FCM) are used to model and study COVID-19. Simulation results 
using real data are provided and discussed. The use of Fuzzy Cognitive Maps (FCM) prove 
to be an effective and useful approach in studying COVID-19. Many future research direc-
tions are highlighted with concrete applications of FCM in tackling COVID-19. 

Key words: COVID-19; pandemic; correlation; ausation, artificial intelligence (AI); fuzzy log-
ic; fuzzy cognitive maps; biomedical informatics. 
 

INTRODUCTION 

Coronavirus disease, the COVID-19 pan-

demic, has spread fast throughout the world 

since its appear late in 2019 [1–3]. It has con-

siderably affected lives of all people around the 

globe and the number of deaths related to the 

pandemic keeps increasing worldwide. With 

some delay the World Health Organization ac-

cepted on March 11th, COVID-19 as a world 

pandemic disease [4]. The coronavirus disease 

(COVID-19) has created tremendous chaos 

around the world, affecting people’s lives and 

causing a large number of deaths [5–9]. The 

deadly coronavirus continues to spread across 

the globe with mutations, [10, 11] and especial-

ly the latest one of DELTA to complicate the 

pandemic problem even more [12, 13]. Medical 

doctors and Researchers still do not know 

many issues regarding COVID-19. Thus they 

have turned to mathematical models [14, 15]. 

A mathematical model is an abstract model 

that uses mathematical language to describe the 

behavior of a system. Mathematical models are 

used particularly in the natural sciences and 

engineering disciplines (such as physics, biolo-

gy, and electrical engineering) but also in the 

social sciences (such as economics, sociology 

and political science); physicists, engineers, 

computer scientists, and economists use math-

ematical models most extensively. The last 
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couple of decades the health discipline has 

been using extensively mathematical models. 

Mathematical models can take many forms, 

including but not limited to dynamical systems, 

statistical models, differential equations, or 

game theoretic models. However mathematical 

models cannot be useful to anyone without  

a specific theory. 

Research in tackling COVID-19 with scien-

tific methods have been reported by the thou-

sands the last 18 months. However, all reported 

research is centered around Artificial Intelli-

gence (AI) [16–18]. Reference [18] has more 

than 650 references most of them using AI.  

In this paper an effort is made to address the 

modelling of COVID-19 using the very new 

scientific approach of Fuzzy Cognitive Maps 

(FCM), [19–21]. With the progress of the pan-

demic and rising number of the confirmed cas-

es and patients who experience severe respira-

tory failure and cardiovascular complications, 

there are solid reasons to be tremendously con-

cerned about the consequences of this viral in-

fection [22]. An early report [57], provided 

some interesting and useful information about 

COVID-19 with clinical characteristics of 138 

hospitalized patients with 2019 novel corona-

virus – infected pneumonia in Wuhan, China. 

Determining appropriate approaches to 

reach solutions for the COVID-19 related prob-

lems have received a great deal of attention.  

From the outbreak of the COVID-19 pandemic, 

many scientists but primarily physicians look 

upon different scientific areas searching for 

promising approaches to investigate all aspects 

of COVID-19. We have just started this diffi-

cult health journey. The generation of a large 

volume of data, known as Big Data Driven 

World (BDDW) is a fact that complicates even 

further the problem in finding solutions in the 

process on fighting the pandemic. However, 

this BDDW of COVID-19 provides an excel-

lent opportunity to health physicians and scien-

tists to search solutions based on theories of 

Artificial Intelligence (AI) [16, 17].  Methods 

that use correlation as the basis for hypothesis 

tests for causality, including the Granger cau-

sality test and convergent cross mapping have 

been used extensively in the past [23]. Howev-

er, the results are not satisfactory since it uses 

only statistical methods. This brings up the se-

rious problem of confusing statistical correla-

tion and causal relationship between variables 

and especially in the case of medical problems. 

Correlation does not imply causation; even 

though the research question at hand involves 

causality. A mathematical model that provides 

information on the causality of a dynamic 

complex system is the Fuzzy Cognitive Map 

(FCM) [19–21]. Thus, FCM is proposed in this 

study for the first time to model the early stag-

es of patients with COVID-19 without using 

statistical models or probability density func-

tion. This paper is outline as follows after  

the introductory remarks on this section. In sec-

tion 2 the important difference of correlation  

vs causation is presented and their importance 

in studying health care systems is outlined. 

Section 3 presents a short but informative 

mathematical description of the new scientific 

approach of Fuzzy Cognitive Maps (FCM). In 

section 4 the difficult problem of mathematical 

modelling of COVID-19 using FCM is provid-

ed while section 5 presents simulation studies 

and the obtained very encouraging results. Fi-

nally, section 6 draws the conclusions of the 

study and utlines a number of promising future 

research directions.  

CORRELATION VS CAUSATION:  

WHY ARE THEY IMPORTANT  

IN HEALTH CARE SYSTEMS? 

In order to better appreciate the usefulness 

of the new FCM methodology, in modelling 

health problems there is a need to clarify the 

difference between correlation and causality or 

also known as causation by Rohrer in a 2018 

paper [24]. Without this clarification which 

will hopefully be done so thoroughly in this 

paper, for the first time for medical problems, it 

would not be clear why the FCM approach is 

not another statistical method. Why do we need 

to explore further and deeper the new scientific 

area of Fuzzy Cognitive Maps (FCMs)? Well, 

all this is important because of causation!! 

Which is confused with correlation!! Do causes 

have to precede their effects? Can causation be 

reduced mainly to the forces of physics? Do 

causes always produce their effects by guaran-

teeing them? Is causation related to correla-

tion? Does causation depend solely on data? 

What is the integral role of correlation or cau-
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sation that play in physics, biology, law, tech-

nology and science, geosciences and econom-

ics?  These are only a small set of the many 

questions of correlation and causation that must 

be taking into consideration when medical 

problems are investigated. But, let us start with 

correlation which has been around many-many 

years before causation entered the scientific 

world. Correlation is any statistical relation-

ship, whether causal or not, between two ran-

dom variables or bivariate data. In the broadest 

sense, correlation is any statistical association, 

though it commonly refers to the degree to 

which a pair of variables are linearly related. In 

1885, Sir Francis Galton first defined the term 

“regression” and completed the theory of biva-

riate correlation. Formally, random variables 

are dependent if they do not satisfy a mathe-

matical property of probabilistic independence. 

In informal parlance, correlation is synony-

mous with dependence. However, when used in 

a technical sense, correlation refers to any of 

several specific types of mathematical opera-

tions between the tested variables and their re-

spective expected values. In simple terms, cor-

relation is the measure of how two or more de-

pendent random variables are related to each 

other. There are several correlation coeffi-

cients, thirteen different ways to look at it is 

provided in reference [25]. In 1895, Karl Pear-

son developed the index that we still use to 

measure correlation, Pearson's r. Today the 

most familiar measure of dependence between 

two random quantities is the Pearson product-

moment correlation coefficient (PPMCC), or 

“Pearson's correlation coefficient”, commonly 

called simply “the correlation coefficient”. 

Mathematically, it is defined as the quality of 

least squares fitting to the original data. It is 

obtained by taking the ratio of the covariance 

of the two variables in question of our numeri-

cal dataset, normalized to the square root of 

their variances. Mathematically, one simply 

divides the covariance of the two variables by 

the product of their standard deviations [26, 27, 

58]. Correlations are useful because they can 

indicate a predictive relationship that can be 

exploited in practice. For example, an electrical 

utility may produce less power on a mild day 

based on the correlation between electricity 

demand and weather. In this example, there is a 

causal relationship, because extreme weather 

causes people to use more electricity for heat-

ing or cooling. In another example from the 

health science, the increase of the body weight 

of a person is related to drinking, eating and 

smoking. A person that is drinking, eating and 

smoking a lot usually gains a lot of weight.  

Furthermore, this body weight increase causes 

a number of health problems to the individual. 

Physicians and scientist believe that drinking 

especially alcohol, eating and smoking a lot is 

the cause for a number of medical problems of 

the individual. For example, the excessive 

smoking is the cause for developing lung can-

cer. Or eating a lot of meat is the cause for can-

cer of the large intestine or colon. Nevertheless, 

there is a correlation between drinking, eating 

and smoking (regardless little or a lot). Howev-

er, in general, the presence of a correlation is 

not sufficient to infer the presence of a causal 

relationship thus, correlation does not imply 

causation-causality. Yet, conflating the two 

remains one of the most common errors in 

news reporting on scientific and health-related 

studies. This is especially the case for the 

COVID-19 pandemic. In theory, these are easy 

to distinguish – an action or occurrence can 

cause another (such as smoking causes lung 

cancer), or it can correlate with another (such 

as smoking is correlated with high alcohol con-

sumption or drinking a lot of coffee). If one 

action causes another, then they are most cer-

tainly correlated. But just because two things 

occur together does not mean that one caused 

the other, even if it seems to make sense. How-

ever, causality always implies correlation while 

the reverse is not true. Correlations are useful 

because they can indicate a predictive relation-

ship that can be exploited in practice [13, 58]. 

On the other hand, causation is a core area 

mainly of philosophy and one of the most fun-

damental connections in the universe! Without 

it, there is no moral responsibility: none of our 

thoughts would be connected with our actions 

and none of our actions with any consequences. 

Nor would we have a system of laws because 

blame resides only in someone having caused 

injury or damage. There would be no science 

and technology. Any intervention we make in 

the world around us is premised on there being 

causal connections that are to at least a degree 
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predictable. It is causation that is the basis of 

this prediction and also of explanation. 

Causality (also referred to as causation, or 

cause and effect) is efficacy, by which one 

event, process or state, a cause, contributes to 

the production of another event, process or 

state, an effect, where the cause is partly re-

sponsible for the effect, and the effect is partly 

dependent on the cause. In general, a process 

has many causes, which are also said to be 

causal factors for it, and all lie in its past. An 

effect can in turn be a cause of, or causal factor 

for, many other effects, which all lie in its fu-

ture. Some scientists have held that causality is 

metaphysically prior to notions of time and 

space. Although causality has appeared as a 

scientific term and used extensively just in the 

early 1960s the truth is slightly different. The 

same holds for the correlation concept. Here 

are some historical remarks for both correlation 

and causation. Years before 1885, when Sir 

Francis Galton first defined the term “regres-

sion” and completed the theory of bivariate 

correlation another British philosopher, John 

Stuart Mill first presented his “Five Canons of 

Experimental Inquiry” in 1843. Among those 

was included the method of concomitant varia-

tion: “Whatever phenomenon varies in any 

manner whenever another phenomenon varies 

in some particular manner, is either a cause or 

an effect of that phenomenon, or is connected 

with it through some fact of causation”. Mill, 

first suggested three prerequisites for valid 

causal inference [27]. First, the cause must 

temporally precede the effect. Second, the 

cause and effect must be related. Third, other 

plausible explanations must be ruled out. Thus 

the separability of correlation and causation 

and the specification of the former as a neces-

sary but not sufficient condition for the latter 

were being recognized almost simultaneously 

in the established discipline of philosophy and 

the fledgling discipline of biometry. By 1885 

the stage was set for several important contri-

butions [26]. During that year, Galton was the 

president of the Anthropological Section of the 

British Association. In his presidential address, 

he first referred to regression as an extension of 

the “law of reversion.” a series of concentric 

and similar ellipses. The term correlation was 

officially accepted as a scientific statistical 

term for the first time in 1885 [26]. Neverthe-

less, the terms causation and causality officially 

are defined for the first time in the early 1960s. 

While causation and correlation can exist at 

the same time, correlation does not imply cau-

sation. Causation explicitly applies to cases 

where action X causes outcome Y. On the other 

hand, correlation is simply a relationship. Ac-

tion X relates to Action Y – but one event 

doesn’t necessarily cause the other event to 

happen. Correlation and causation are often 

confused because the human mind likes to find 

patterns even when they do not exist. We often 

fabricate these patterns when two variables ap-

pear to be so closely associated that one is de-

pendent on the other. That would imply a cause 

and effect relationship where the dependent 

event is the result of an independent event. The 

concept of causation and causality is fully ex-

plored and used in developing the scientific 

field of Fuzzy Cognitive Maps (FCM) [19, 20]. 

Due to this, the FCM approach is not another 

statistical method.  It is the only scientific ap-

proach that tries to better understand and model 

the dynamic behavior of complex systems tak-

ing into consideration the causal phenomena of 

the system. 

THE FUZZY COGNITIVE  

MAP (FCM) METHODOLOGY 

Fuzzy Cognitive Maps (FCM) came as  

a combination of the methods of fuzzy logic 

and neural networks and were first introduced 

by Kosko in 1986 [19].  It is a very new meth-

od with less than 40 years of been used for 

modelling Complex Dynamic Systems (CDSs) 

with all their characteristics. A detailed presen-

tation of FCM is provided by this author in 

[20]. This author, as early as 2011, provided in 

[21], basic theories of FCMs and their applica-

tions in many medical problems obtaining very 

encouraging results. FCM is capable of dealing 

with complex dynamic systems and is able to 

examine situations during which the human 

thinking process involves fuzzy or uncertain 

environments, using a reasoning process that 

can deal with uncertainty and ambiguity de-

scriptions [20, 28, 29, 38]. 

In order to ensure the operation of the sys-

tem, FCMs embody the accumulated 

knowledge and experience from experts who 



 
9 Peter  P .  Grou mp os ● Fuzzy cognitive maps: a new modelling approach in tackling COVID-19 

 

know how the system behaves in different cir-

cumstances. This knowledge is extracted using 

linguistic variables which then are transformed 

to numeric values using a defuzzification 

method. In other words, they recommend  

a modeling process consisting of an array of 

interconnected and interdependent nodes Ci 

(variables), as well as the relationships between 

them W (weights). Concepts take values in the 

interval [0, 1] and weights belong in the inter-

val [–1, 1]. Fig. 1 shows a representative dia-

gram of a FCM. 

 

Fig. 1. A simple Fuzzy Cognitive Map (FCM) 

The full procedure of the development of a 

FCM follows the steps below: 

Step 1: Experts select the number and the 

kind of concepts Ci that constitute the Fuzzy 

Cognitive Map 

Step 2: Each expert defines the relationship 

between the concepts 

Step 3: They define the kind and the value 

of the relationship between the two nodes 

Step 4: Experts describe the existing rela-

tionship firstly as negative” or “positive” and 

secondly, as a degree of influence using a lin-

guistic variable, such as “low”, “medium”, 

“high” etc.  

The sign of each weight represents the type 

of influence between concepts. There are three 

types of interconnections between two concepts 

Ci and Cj: 

– wij>0, an increase or decrease in Ci caus-

es the same result in concept Cj; 

– wij<0, an increase or decrease in Ci caus-

es the opposite result in Cj; 

– wij=0, there is no interaction between 

concepts Ci and Cj. 

The degree of influence between the two 

concepts is indicated by the absolute value of 

wij. During the simulation the value of each 

concept is calculated using the following rule: 

2 1

1,

( 1) ( ( ) ( ) )
N

i i j ji

j j i

A k f k A k k A k W
 

        (1) 

where N is the number of concepts; Ai(k + 1) is 

the value of the concept Ci at the iteration step 

k+1; Aj(k) is the value of the concept Cj at the 

iteration step k; Wji is the weight of intercon-

nection from concept Cj to concept Ci and f is 

the sigmoid function. “k1” expresses the influ-

ence of the interconnected concepts on the con-

figuration of the new value of the concept Ai 

and “k2” represents the proportion of the con-

tribution of the previous value of the concept in 

computing the new value. The sigmoid func-

tion f is defined as: 

f = 
1

1+𝑒−λ𝑥
.                          (2) 

Where λ>0 determines the steepness of func-

tion f. The FCM’s concepts are given some ini-

tial values which are then changed depending 

on the weights; the way the concepts affect 

each other. The calculations stop when a steady 

state is achieved, the concepts’ values become 

stable. A more comprehensive mathematical 

presentation of FCMs with application to real 

problems with very useful results is provided in 

[20, 21]. The NLH learning method has been 

studied since 2000 and a number of results 

have addressed this issue [28, 29]. In this learn-

ing algorithm the nodes are triggered simulta-

neously and interact in the same iteration step 

with their values to be updated through this 

process of interaction. The algorithm which 

modifies the initial weights defined by experts 

is described by the following relationship: 

 ( ) ( 1) ( 1) ( 1) ( 1) ( 1)sgn( )k k k k k k

ij ij j i ij ij jw g w h A A w w A           

(3) 

where, the coefficient g called weight reduction 

learning parameter and the coefficient h is a 

very small positive scalar factor also called 

learning parameter. The “learning parameters” 

g and h of the above equation are very im-

portant and they usually take values between  

g ∋ [0.9, 1] and h ∋ [0, 0.1]. 

The weights wij are updated for each itera-

tion step and they are used in equation (1) in 

order to compute the new values of concepts. 

Two stopping criteria terminate the procedure. 

The first one concerns the minimization of 

function F1 which is the sum of the square dif-
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ferences between each Desired Output Concept 

i (DOCi) and a target value Ti, which is de-

fined as the mean value of the range of  

DOCi = [Timin, Timax]. 

 

2

1

1

( )
m

i i

i

F DOC T


 
              (4) 

min max

2

i i
i

T T
T


 .                (5) 

The second criterion is the minimization of the 

variation of two subsequent values of Desired 

Output Concepts: 

( 1) ( )

2

k k

i iF DOC DOC 
            (6)  

when the termination conditions are met the 

new final weight matrix wij with the docs are 

returned. more on other drawbacks and 

proposed solutions of the up today theories of 

fcms are given in the next section. a more 

comprehensive mathematical presentation of 

fcms theories, methods and algorithms is 

provided in [19, 20], [28–30]. 

MODELLING COVID-19  

WITH FCM METHODOLOGIES 

The COVID-19 pandemic has sparked an 

unprecedented wave of research, data sharing 

and open science as the scientific world seeks 

to understand the disease, track its spread and 

analyze the SARS virus that causes COVID-19 

or called more medically correct, SARS-CoV-

2. Existing Medical Decision Support Systems 

(MDSS) methods are complex, difficult and 

insufficient to address the new emerged pan-

demic [58].  Mathematical models have drawn 

from many scientific fields with the Artificial 

Intelligence (AI) been the one most often been 

used [36, 37, 42–51, 55]. References [21] and 

[53] provide an extensive review of using 

FCMs in medical applications. The pandemic 

COVID-19 is an acute resolved disease, but it 

can also be deadly, with a not easily deter-

mined case fatality rate. Severe disease onset 

might result in death due to massive alveolar 

damage and progressive respiratory failure or 

due to other chronic diseases of the patient that 

are been further deteriorating from COVID-19. 

First, the early and automatic diagnosis of 

COVID-19 would be extremely beneficial to 

the patient and his/her relatives. It will also be 

beneficial to any state and private health sys-

tem.  In addition, it would be beneficial for 

countries for timely referral of the patient to 

quarantine, rapid incubation of serious cases in 

specialized hospitals, and monitoring of the 

spread of the disease. Although the diagnosis 

has become a relatively fast process, the finan-

cial issues arising from the cost of diagnostic 

tests concern both states and patients, especial-

ly in countries with private health systems, or 

restricted access health systems due to prohibi-

tive prices. The symptoms reported have been 

growing since the first detection of COVID-19. 

These symptoms may appear 3–14 days after 

exposure. In order to develop an FCM model 

following the methodology been outlined in 

section 4 the first step is to determine the num-

ber and the kind of concepts Ci that constitute 

the Fuzzy Cognitive Map (FCM). Not been a 

physician but an engineer and from today’s 

available literature, talking to MD doctors of 

the Patras University hospital and other rele-

vant data by official organizations, the follow-

ing twelve (12) concepts have been selected, 

see Table 1.  

Table 1  

Concepts of COVID-19 

The next steps are: 

1. Each expert defines the relationship be-

tween the concepts: 1) as “positive” or “nega-

tive” or “zero”. 

Concepts and Symptom description 

C1: Fever-body temperature 

C2: Cough 

C3: Shortness of breath-breathing problems 

C4: Headache 

C5: Persistent pain or pressure in the chest 

C6: Bluish lips or face 

C7: Feeling weak  

C8: heart rate 

C9: loosing sense of smell 

C10: Diarrhea 

C11:Contact with confirmed case 

C12: outcome of test: positive or negative 
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2. Their degree of influence using a linguis-

tic variable, such as: “zero-NP” “very low-

VL”, “Low-L”, “Medium-M”, “High-H”, “very 

high-VH”. 

3. The FCM schematic diagram is devel-

oped similar to fig. 1. 

4. The table of weights Wij is determined 

(same for the Wij). 

5. Run simulations with equations 1 and 2. 

6. Report the obtained results.   

These steps must be further developed to an 

algorithm. The output concept C12, is referred 

to as positive if the patient has COVID-19 and 

negative if the patient does not have COVID-

19. Of course, when running the simulations, 

the positive and negative interpretations will be 

defined by thresholds been determined by the 

physicians, as will become obvious in the next 

section. For this study the physicians agreed to 

a FCM COVID-19 model. 

Important remark: the symptoms of the 

COVID-19 pandemic are certainly not only the 

twelve (12) provided in Table 1. Three months 

after the breakout of COVID-17 this author 

performed a theoretical study using FCM for 

the first time, to model the behavior of patient 

suspected having COBID-19 [31]. Later early 

in 2021 he also presented results [32], for the 

same approach using real data from the Patras 

University Hospital. Both reported studies used 

17 symptoms-concepts and all were directly 

affecting the output concept. In this study 12 

symptoms-concepts are used and some of them 

are affecting some other ones and makes this 

study the first one for using in a systematic 

way the FCM approach modelling COVID-19.  

Present studies carried by the research team of 

the Laboratory or Automation and Robotics 

(LAR) of the University of Patras in close col-

laboration team of the physicians of the Patras 

University Hospital, includes up to 20 symp-

toms-concepts such as, inability to communi-

cate with doctor, swelling in the legs, shiver-

ing-cold and other relevant variables such as: 

age, gender, pregnant ladies, overweight pa-

tients, some chronic diseases, vaccinated or not 

and others. These research studies will soon be 

reported. 

SIMULATIONS AND DISUSSION OF RESULTS 

Using the Fuzzy Cognitive Map (FCM) 

methodologies a number of simulations were 

conducted. An example given here using the 

following basic assumption for the COVID-19 

for running simulation studies based on real 

data of more than 150 patients. 

– NP: Not present=0.0; 

– VL: Very low=0.1; 

– L: Low =0.3; 

– M: Medium=0.5; 

– H: High=0.7; 

– VH: Very High=0.9. 

CASE WITH REAL DATA 

Using the above values for 150 patients and 

having secured enough medical data and in 

consultation with the physicians, an FCM 

COVID-19, is developed. Then using fuzzifica-

tion and defuzzification methods, the weight 

matrix Wij needed for equation 1 for the FCM 

COVID-19 model is developed. Each of the 

weight matrix Wij a 12×12 matrix is deter-

mined. Using FCM theories simulations were 

conducted for all 150 patients. Out of the 150 

cases (real data), 4 patients-cases were selected 

for conducting more extensive simulations, us-

ing the FCM methodologies. Table 2 provides 

the linguistic variables for the 11 concepts for 

the COVID-19 disease. Simulation results are 

given in Fig. 2. 
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Table 2   

Linguistic variables for the concepts of COVID-19 for four (4) patients 

Concepts Case 

1 

Case 

2 

Case 

3 

Case 4 

C1: Fever-body temperature VH VH H H 

C2: Cough VH H M L 

C3: Shortness of breathing problems VH H M M 

C4: Headache VH H VH H 

C5: Persistent pain or pressure in the 

chest 

VH H M L 

C6: Bluish lips or face M M NP NP 

C7: Feeling weak M NP M M 

C8: heart rate M NP M VL 

C9:  loosing sense of smell H NP H NP 

C10: diarrhea M NP M NP 

C11: contact with confirmed case H M H NP 

C12: Outcome- Positive or negative ????? ????? ????? ????? 

 

 
 

Fig. 2. Simulation results for Concept C12, using real data for the COVID-19 FCM model

DISCUSION OF RESULTS 

Simulations were conducted using the clas-

sical FCM model, equations 1 and 2 and the 

FCM software tools been used by the research 

team of LAR, Univ. of Patras. The simulation 

results of Fig. 2 confirm the validity of the 

FCM methodology that provides satisfactory 

results for modelling COVID-19 with the FCM 

approach. This study is based on real data from 

the local Patras University Hospital and simu-

lations for all 150 patients. In this paper using 

the same values for the linguistic variables, Ta-

ble 2 provides us the necessary information to 

conduct simulations for the four cases (out of 

the 150-total data set). The iteration steps were 

chosen to be one full day (24 hours). If we 

want this can be changed and become an itera-

tion step of one hour. This provides us with the 

capability to attend the health progress of a pa-

tient on a continuous basis. Different colors 

have been used for the outcome of concept 

C12. The threshold for the outcome concept 

C12 was set in consultation with the physicians 

to be 0.5. Below or slightly above it (but to re-
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main constant), the patient was free of COVID-

19, while above 0.6 a patient would be with 

COVID-19. From Fig. 2, the red, green and 

purple lines are for a patient having COVID-19 

while the blue line is for a patient without 

COVID-19. Analyzing the results of Fig. 2  

a number of useful remarks can be made. 

Please note that the blue line patient 4- case 4, 

starts with a jump lower to 0.4 after the first 

day and rises for the next two days to a value 

around 0.5 and remains constant. For patient  

1-case 1, the C10 output, red line, rises with  

a steep slope and in less than a day reaches  

a value close to 1 (0.92).  This result is consid-

ered as a positive result and thus the patient 

(case 1) is affected with COVID-19.  The sec-

ond case, green line the C10 output concept 

starts with a steep rise between the first and 

second day and then in the third day it reaches 

almost the value of 1 (0.98). Finally, case three 

(3), the third patient with COVID-19, the pur-

ple line follows the blue and the green line till 

the second day, then slows down between the 

third and the fifth days and it is below the non-

COVID-19 threshold of 0.5. However, after the 

fifth day, it starts rising again passing the 

threshold point of 0.5 to reach the value of 0.85 

after the seventh (7th) day, thus making patient 

case 3, also a positive case to COVID-19. 

These results have attracted the interest of the 

physicians asking more information for the 

FCM approach and methodologies. For this 

particular study of the four case-patients we 

were 100 % in agreement with the medical 

outputs. And we say this 100 % agreement 

since when we selected the four patient-cases 

we did not know the final condition of the pa-

tients after 6–7 days. A closer look at the table 

2 with the linguistic variables for the concepts 

of COVID-19 for four (4) patients and the sim-

ulation results of figure 3 clearly show the va-

lidity and robustness of the FCM approach in 

tackling COVID-19. For example, the linguis-

tic values for case 1 are so strong in favor for 

patient 1 to have the virus. Taking the values 

for cases 3 and 4, we see that these two cases 

have similar values. The FCM approach and 

simulation results of figure 3 also confirm the 

validity of the proposed use of FCM in tackling 

COVID-19. From just looking at the data  

(Table 2) and the simulation results (Fig. 2)  

if a decision as to if patients 3 and 4 have 

COVID-19 or not, was taken by a physician at 

the fourth day bot patients would be label as 

not having COVID-19. However, the FCM 

method which is easily can run for as many 

days as you wish, shows that the patient 3 has 

COVID-19, since after the 5th day concept C12 

jumps and reaches the value of 0.85. This re-

sults to the decision that patient 3 also has 

COVID-19.   

CONCLUSIONS AND FUTURE  

RESEARCH DIRECTIONS 

This paper has addressed COVID-19 from 

the mathematical modelling and reviewed the 

use of the very recent approach of Fuzzy Cog-

nitive Maps (FCM) in tackling challenges of 

this pandemic. The important difference of cor-

relation vs causation is presented and their im-

portance in studying health care systems is 

highlighted. It must become very clear that cor-

relation is a statistical measure (expressed as a 

number) that describes the size and direction of 

a linear relationship between two or more vari-

ables. A correlation between variables, howev-

er, does not automatically mean that the change 

in one variable is the cause of the change in the 

values of the other variable.  Correlation does 

not imply causation. Causality shows that one 

variable directly effects a change in the other. 

This is the main characteristic and powerful 

tool of Fuzzy Cognitive Maps (FCMs). The 

COVID‐19 pandemic remains one of the most 

significant crises in modern times. It is a global 

pandemic affecting all regions of the world, but 

more severe North America and Europe espe-

cially on the early times of the pandemic.  

From the outbreak of the COVID-19 pan-

demic, many scientists but primarily physicians 

look upon different scientific areas searching 

for promising approaches to investigate all as-

pects of COVID-19. Mathematical models 

have drawn from many scientific fields with 

the AI been the one most often been used.  We 

have just started this difficult health journey.  

Methods that use correlation as the basis for 

hypothesis tests for causality, including the 

Granger causality test and convergent cross 

mapping have been used extensively in the 

past. However, the results are not satisfactory 

since it uses statistical methods. A mathemati-
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cal model that provides information on the cau-

sality of a dynamic complex system is the 

Fuzzy Cognitive Map (FCM) and is proposed 

in this study for the first time to model the 

COVID-19 without using statistical models or 

probability density function. The developed 

FCM COVID-19 model having 12 symptoms-

concepts of COVID-19, has been used with 

real data from hospitals treating COVID-19 

patients. An algorithm is proposed to investi-

gate the problem of determining if a candidate 

patient is affected or not with the COVID-19 

virus. The FCM approach seems to be an ap-

propriate and very useful method in battling 

COVID-19. The references provided are the 

more recent ones and are very useful. The ex-

cellent results been obtained using FCMs and 

real data from clinical studies, having satisfy-

ing very much medical doctors and physicians 

have powered this author to dare in addressing 

further the COVID-19 pandemic using FCM 

theories.   

The future research directions for the 

COVID-19 pandemic, are wide open. There are 

many questions related to this pandemic that 

need to considered and effective and realistic 

answers are needed immediately.  What causes 

a coronavirus infection? Do humans first get a 

coronavirus from contact with animals?  Then, 

how can it spread from human to human? How 

can we predict the spread of the Coronavirus? 

Do health officials comprehend and understand 

the COVID-19 pandemic? What are its symp-

toms? How is diagnosed? Which patients re-

quire an Intensive Care Unit (I.C.U.)? How is 

treated from medical point? Which of today’s 

drugs are most effective? What might be the 

long-term effects of the disease for the people 

that recover from the disease and especially 

those who had severe symptoms and/or had the 

need of an I.C.U.? What might be the long-

term effects of different vaccines? Do we have 

mathematical models that can address the many 

aspects of the pandemic and/or follow the pa-

tient for 24 hours a day? On a broader sense 

questions such how is spread throughout the 

populations? What are the consequences of all 

restricted measures imposed by governments 

on the economic and social life of the socie-

ties?  On the financial markets? On specific 

industries such as: tourism, agriculture, auto, 

manufacture, energy, environment and so many 

other areas? 

Therefore, future research directions are 

many when solutions are searched for all or 

some of the above questions. This paper is fo-

cusing on questions related to the questions if 

the today’s mathematical models are adequate 

and sufficient to find solutions to this medical 

problem. In particular, it raises the need to pay 

more attention on the causality parameters and 

factors that are associated with all aspects of 

COVID-19.  The use of FCMs which is the on-

ly mathematical approach that takes into con-

sideration the causality factor when addressing 

medical problems and thus also COVID-19 

seems to be an open field for future research 

efforts. This paper clearly demonstrates the 

FCM’s usefulness in studying COVID-19. The 

proposed COVID-19 FCM model provides  

a good start for further studies. For example, to 

develop new models for studying the pandemic 

taking into consideration all related factors. 

FCM models can be used to track the patients 

progress in 24 hours and also to predict long 

term effects of the disease. In addition, the new 

state space Advanced FCM (AFCM) been pro-

posed in [33, 34, 44] seem very promising  

to be applied in tackling problems of COVID-

19. Both the Classical FCM and the AFCM ap-

proaches depend heavily on experts’ 

knowledge and assistance. The process of ex-

perts’ assistance plays a very important and 

crucial role in creating the Fuzzy Cognitive 

Maps. The physician experts determine the 

number and weight of each concept depending 

the individual case. Here the new theories of 

Big Data Driven World (BDDW) can play a 

role in determining the concepts of the FCM 

models, [54]. Another challenging future re-

search direction is the new trend of cognitive 

modelling and specifically the creating of cog-

nitive semantics that cannot be formalized and 

has to be taken into account by the indirect way 

(the inverse problem-solving method on topo-

logical space, quantum and relativistic seman-

tics [56]. The book by Raikov [56] is bringing 

into the pharetra methods οφ the Artificial In-

telligence (AI) in tackling COVID-19 problems 

with a good degree of success [16–18, 35]. 

These methods mainly are Machine and Deep 

learning and statistical methods [16–18, 41, 45]. 
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With no dough all of them are promising po-

tential methods to be used in the future re-

search studies for COVID-19.  Still the FCM 

theories hold a special promising opportunity 

in battling COVID-19.  
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Аннотация: Коронавирусная болезнь, впервые обнару‐
женная в конце 2019 года, пандемия COVID-19 значи‐
тельно повлияла на жизни всех людей во всем мире.  
В области здравоохранения широко используются ма‐
тематические модели для решения сложных медицин‐
ских проблем. Математические модели никому не мо‐
гут быть полезны без конкретных теорий. Анализирует‐
ся и обсуждается решающее и важное различие между 
корреляцией и причинно-следственной связью. Суще‐
ствует неопределенность и двусмысленность по неко‐
торым аспектам пандемии COVID-19. Симптомов мно‐
го, и они варьируются от человека к человеку и от гео‐
графического региона к географическому региону. 
Анализируются актуальные проблемы пандемии 
COVID-19. Недавно новые мутации COVID-19 показали 
нам, как быстро новое заболевание может пустить но‐
вые корни и распространиться. Такие события сопро‐
вождаются бурным потоком клинической и эпидемио‐
логической информации и исследований. Ежедневно 
предоставляются миллиарды данных. Многие теории 
призваны бороться с COVID-19, особенно с искусствен‐
ным интеллектом (ИИ). Большинство методов, которые 
используются для обнаружения, диагностики и эпиде‐
миологического прогнозирования, прогнозирования и 
социального контроля для борьбы с COVID-19, исполь‐
зуют статистические теории и коэффициент корреля‐
ции. Последние теории нечетких когнитивных карт 
(FCM) используются для моделирования и изучения 
COVID-19. Приводятся и обсуждаются результаты мо‐
делирования с использованием реальных данных. Ис‐
пользование нечетких когнитивных карт (FCM) оказа‐
лось эффективным и полезным подходом в изучении 
COVID-19. Многие направления будущих исследований 
освещаются конкретным применением FCM в борьбе  
с COVID-19. 
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