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Abstract
The COVID-19 pandemic has crippled the world population. Our present work aims to formulate a model to analyze the

change in normal health conditions due to COVID-19 infection. For this purpose, we have collected data of seven

parameters, namely, age, systolic pressure (SP), diastolic paper (DP), respiratory distress (RD), fasting blood sugar (FBS),

cholesterol (CHL), and insomnia (INS) of 156 persons of Birnagar municipality, Nadia, India; before and after COVID-19

infection. Ultimately, using an adaptive neuro-fuzzy inference system (ANFIS), we have formulated our desired model, a

Takagi–Sugeno fuzzy inference system. Further, with the help of this model, we have established one’s change in health

condition with age due to COVID-19 infection. Finally, we have derived that older people are more affected by COVID-19

infection than younger people.

Keywords Age � Normalized Health Condition (NHC) � ANFIS � Subtractive algorithm � COVID-19

1 Introduction

In December 2019, in the Hubei Province of China, some

unidentified pneumonia cases were reported. Later, this

disease was discovered as SARS-COV-2, which from a

local epidemic spread globally, making the disease the first

pandemic of the twenty-first century. The disease crippled

the whole world within a brief period of time. Several

studies on disease transmission, control measures to con-

tain the disease have been done (Sornette et al. 2020;

Mandal et al. 2022). Age seems to play a vital role in how a

person gets affected by the disease, and older adults are

most vulnerable to the disease. Several studies on effect of

COVID-19 on aged person have been done (Banerjee 2020;

Liu et al. 2020). Most of the studies have emphasized older

people. In our present work, we intend to find how the

health of a COVID infected person changes according to

their age. We have studied 156 persons from Birnagar

municipality, Nadia, West Bengal, India, whom SARS-

COV-2 infected. Here, we have collected the data of seven

parameters, namely, age, systolic pressure (SP), diastolic

pressure (DP), respiratory distress (RD), fasting blood

sugar (FBS), cholesterol (CHL), and insomnia (INS) of the

156 persons before and after COVID. With the help of

these data, we have formulated an adaptive neuro-fuzzy
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inference system (ANFIS). The adaptive neuro-fuzzy

inference system (ANFIS) is an artificial neural network

that is based on Takagi–Sugeno fuzzy inference system

(Jang 1993). Fuzzy inference system is a mapping between

user defined input parameters and output parameters. There

are two types of fuzzy inference systems (i) Mamdani and,

(ii) Takagi–Sugeno type fuzzy inference system. Both the

fuzzy inference systems behave alike except the way the

output is computed. ANFIS integrates neural networks and

fuzzy logic principles into a single framework with the

learning capability to approximate nonlinear functions. In

this method, we obtain a Takagi–Sugeno type fuzzy

inference system. At present, fuzzy set theory and soft

computing-based tools have been used effectively to study

the behavior of a disease (Adak and Jana 2020, 2021; Zhao

et al. 2017; Golafshani et al. 2020; Adak and Jana 2022;

Adak et al. 2022, etc.). Many researchers of several fields

are contributing to understand the behavior of the disease

in a better way (Abu Arqub et al. 2021, 2021a; Abu Arqub

2017; Abu Arqub et al. 2015; Khatua et al. 2020, etc.).

The whole paper is organized in the following way. In

Sect. 2, we have discussed the materials and methods of

the work. In Sect. 3, we have obtained the result and dis-

cussed it thoroughly. Finally, the last section is dedicated to

a precise conclusion of the whole work.

2 Adaptive Neuro Fuzzy Inference System
(ANFIS)

In order to understand Adaptive Neuro Fuzzy Inference

System (ANFIS), we will first give a very brief introduc-

tion to fuzzy inference system and neural network. A fuzzy

inference system consists of an input space, an output

space, and some user-defined rules which are of the form

‘if-then.’ The input space consists of input variables, and

the output space consists of output variables both of which

are characterized by linguistic variables. These linguistic

variables are defined using membership functions, which

are characterized by membership grades. The remaining

part, i.e., defining the ‘if-then’ rules is done according to

experts’ suggestions. So, it can be said that a fuzzy infer-

ence system is a rule based system rather than data-based.

There are two types of fuzzy inference systems (i) Mam-

dani type, (ii) Takagi–Sugeno type. Both of them work in a

similar manner except the way the output is derived. On the

other hand, neural network is a network as its name sug-

gests. It consists of nodes and links between the nodes

which specify direction of the flow among the nodes.

Neural networks are famous for their learning capability of

nonlinear systems and adaptive techniques. ANFIS com-

bines fuzzy inference systems and neural networks. Here,

the nodes depend on the parameters involved in the input–

output space. There are two ways in which a neural net-

work can learn. They are (i) supervised learning, (ii)

unsupervised learning. In supervised learning, the system

learns from both input data and output data. On the other

hand, in unsupervised learning the system learns from input

data only. The characteristic of the adaptive network is

determined by the characteristics of the parameters

involved in the problem space. When the system learns

from the data, the parameters involved in the node func-

tions change. This effects the change in the output, more-

over in the adaptive network. The ultimate goal of ANFIS

is to create a fuzzy inference system that fits the given set

of data using neural network.

Now, we present a brief discussion on the structure of

ANFIS where the system learns from both the input and

output data. There are five layers in ANFIS. All of them are

made of nodes and directional links among the nodes. In

some of the nodes, the parameters are adaptive (square

nodes), and in some the parameters are fixed (circular

nodes). The parameters are updated by a supervised

learning rule. There are several learning rules like back-

propagation, hybrid learning rule. In the back-propagation

method, the parameters in input space more specifically in

the antecedent part are updated using steepest decent

method. The hybrid learning algorithm is a combination of

the forward pass and backward pass. In the forward pass,

the output parameters, i.e., the consequent parameters are

optimized by the method of least square. In the backward

pass, new firing strengths are calculated using the gradient

descent method. These new values are used in the forward

pass to compute the updated output. This process continues

till the desired error measure is achieved. In ANFIS, a

Takagi–Sugeno (TS) type fuzzy inference system is cre-

ated. In a TS fuzzy model, the consequent part is either a

constant or linear function of the input variables. The ‘if-

then’ rules are of the form:

RuleiðRiÞ : If ðx1 is a1iÞ and x2 is ða2iÞ and:::ðxn is aniÞ
then y ¼ fiðx1; x2; :::; xnÞ for i ¼ 1; 2; :::; k:

Here, x1; x2; :::; xn are input variables, y1; y2; :::; yn are

the output variables, k is the number of rules and ani are the

membership functions.

The diagram of the ANFIS model with the rule

if

x1 is a11 and x2 is a12then y ¼ b1

x1 is a21 and x2 is a22 then y ¼ b2

is shown in Fig. 1.

In Fig. 1, x1 and x2 are the input data. In layer 1, all the

input variables are assigned a membership value according

to their membership function. One can choose membership

functions as per their choice. In general, Gaussian type
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membership functions are chosen for the input variables.

The membership function of Gaussian type fuzzy number

is of the form (1).

f ðx;m; rÞ ¼ e
1
2

ðx�mÞ2

r2 ð1Þ

In layer 1, the parameters m and r are the parameters of the

node function. As, parameters are involved in this layer,

and the nodes are adaptive. Hence, represented as square

nodes. The output of layer 1 is Oij; i; j ¼ 1; 2 where Oij
0s

are the membership grades of each of the input variables

according to their description. In layer 2, the firing strength

is calculated. The degree of matching of the input variables

is called firing strength. The firing strength is calculated by

the ‘and’ conjunction between the degree of matching of

the input variables. The ‘and’ conjunction is computed

using the product operator. So, w1 ¼ O11 � O21 and w2 ¼
O12 � O22: The nodes of layer 2 are considered as constant.

Hence, represented using circular node. In layer 3, the

outputs of layer 2 are normalized. The rules of normal-

ization are w
0
1 ¼ w1

w1þw2
and w

0
2 ¼ w2

w1þw2
. The nodes in this

layer are again fixed nodes. In layer 4, the nodes are

computed by multiplying the normalized weight w
0
i; i ¼

1; 2 and the consequent part bi. In this layer, the parameter

is ‘b’. The nodes in this layer are adaptive. In the final

layer, i.e., the fifth layer the final output is computation of a

crisp value using the rule
Pi¼2

i¼1 �wibi. When the learning

algorithm starts, the parameters in layer 1 and layer 4

change and try to fit the data.

There are two steps in identifying the suitable fuzzy

model, (i) identification of the structure of the TS model

and (ii) estimation of optimal consequent parameters. The

learning network of a TS model can be obtained by

methods like grid partitioning or subtractive clustering. To

overcome the problem of complexity related to more

number of inputs, clustering method is used (Mola and

Amiri-Ahouee 2020; Chiu 1994).

2.1 Subtractive Clustering

A clustering algorithm accumulates the like data points in

several clusters. The learning algorithm is then applied

from clusters to clusters instead of data to data. There are

techniques like (i) fuzzy c-means clustering (ii) subtractive

clustering, which are used in ANFIS learning algorithms to

create clusters. In this work, we will use subtractive clus-

tering. In this method, all the input data points are con-

sidered as potential cluster centers. The density of measure

of each data point is computed using rule (2). In (2), dk is

the density of the xk the data point, x0is are the remaining

data points and ra is called the influence radius. The point

with the highest density, say d�k , is considered as the first

cluster center.

dk ¼
Xn

i¼1

exp

�

� jjxk � xijj2

ðra
2
Þ2

�

ð2Þ

Once the first cluster center is determined, the value of d�k
is discarded, and a new measure of density is computed for

the remaining data points using the rule (3).

dnew ¼ di � d�kexp

�

� jjxi � xkjj2

ðrb
2
Þ2

�

ð3Þ

Here, rb is the positive constant which measures the

reduction in density measures of the neighboring points of

the first cluster center. rb is chosen quite large than ra to

avoid more cluster centers. The recommended ra lies in the

range 0.1 to 2.0 with increment of 0.1. rbð[ raÞ is taken as

1:5ra to avoid closely spaced cluster centers. The process

stops after partitioning the data into an adequate number of

clusters. Finally, the membership degree of each cluster is

assigned using (4).

lik ¼ exp

�

� 4

r2
a

jjxi � xkjj2
�

ð4Þ

Fig. 1 Pictorial representation

of ANFIS model
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2.2 Data Preparation

2.2.1 Choosing Input and Output variables

In this study, we have taken data of seven parameters

namely Age, Blood Pressure (BP both SP and DP), Res-

piratory Distress (RD), Fasting Blood Sugar (FBS),

Cholesterol (Chl) and Insomnia (Ins) of 156 people who

were affected by COVID-19. We have collected the data of

these aforesaid parameters pre-COVID and post-COVID.

2.2.2 Systolic Pressure (SP) and Diastolic Pressure (DP)

Measuring blood pressure is considered as measurement of

health condition. Normal blood pressure implies good

health. Both systolic pressure (SP) and diastolic pressure

(DP) gives blood pressure measurement. A person suffers

from hypertension if SP is higher than the standard mea-

surement, and hypotension occurs when DP is lower than

normal. Hypertension increases the chance of heart dis-

eases, heart attack, stroke. On the other hand, hypotension

causes hazards, especially for the elderly. According to

[10], the distribution of blood pressure is given in Table 1.

2.2.3 Respiratory Distress (RD)

Respiratory distress occurs when fluid builds up in the tiny,

elastic air sacs in one’s lungs. The fluid keeps one’s lungs

from filling with air, due to which enough oxygen does not

reach the organs. This leads to breathing problems. Res-

piratory distress occurs mostly in the elderly. The distri-

bution of respiratory distress is given in Table 2.

2.2.4 Fasting Blood Sugar (FBS)

Fasting blood sugar (FBS) measures the level of blood

sugar after overnight fasting. A fasting blood sugar level of

99 mg/dL or lower is considered as normal, 100–125 mg/

dL indicates prediabetes. Change in blood sugar can cause

low vision, headaches, fatigue, frequent urination, etc. The

distribution is given in Table 3.

2.2.5 Cholesterol (CHL)

Cholesterol is fat that moves throughout the human body

on its own. It does not dissolve into blood. Cholesterol

travels through the blood on proteins called ‘lipoproteins.’

There are two types of lipoprotein:

(i) High-density lipoprotein (HDL): This lipoprotein

absorbs cholesterol and carries it back to the liver.

The liver then flushes it from the body. High levels

of HDL cholesterol can lower the risk of heart

disease and stroke.

(ii) Low-density lipoprotein (LDL). One is said to be

diagnosed with high cholesterol if the blood

contains too much of LDL. Stroke, heart attack

are caused by high cholesterol. When our body has

too much LDL cholesterol, it can build up on the

walls of our blood vessels. Due to this wall, the

insides of the vessels narrow. This narrowing

blocks blood flow to and from the heart and other

organs. This results in heart attack, chest pain,

stroke. On the other hand, low cholesterol indicates

cancer, depression, hemorrhagic stroke, etc. The

distribution of normal cholesterol in is provided in

Table 4.

2.2.6 Insomnia (INS)

According to [10], insomnia is a sleeping disorder in which

one faces trouble sleeping. Person suffering from insomnia

may have a problem in falling asleep or staying asleep.

Insomnia can be acute or chronic. Stress, anxiety, depres-

sion may lead to insomnia. One may also face insomniaTable 1 The chart of weights for SP and DP

Description SP DP

Low \ 90 \ 60

Normal 90–120 60–80

Pre-hypertension 120–139 80–89

Stage 1 hypertension 140–159 90–99

Stage 2 hypertension C 160 C 100

Isolated systolic hypertension C 140 \ 90

Table 2 The chart of weights

for RD
Description RD

No RD 0

Low 1

Medium 2

High 3

Table 3 The chart of weights

for FBS
Description FBS

Low \ 70

Normal 70–126

Pre-diabetic 126–200

Diabetic [ 200
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due to a change of habits, new shifts at work, genes

(Table 5).

2.2.7 Normalized Health Condition (NHC)

The measurement of a good health of a person is based on

some basic parameters that we have discussed earlier. To

represent all the six parameters via one parameter, we have

defined the term normalized health condition (NHC).

(Adak et al. (2022)) have defined the term NHC in their

work. Though in our present work we have defined the

term in different manner. We have taken the mean of all the

six inputs after covid-19. For example, if the SP, DP, RD,

FBS, CHL and INS of a person after covid-19 be 166, 96,

2, 152, 122, 2, then the computed output is

ð166 þ 96 þ 2 þ 152 þ 122 þ 2Þ=6 ¼ 90. The process is

performed for each of 156 persons. Finally, we have

obtained the range of the output as [70.1667 144.833]. To

understand the output variable in a more explicit way, we

have computed the value of NHC when the input variables

are in different range. For example,

(i) When SP = 60, DP = 70, RD = 1, FBS = 90, CHL

= 120, INS = 1, then NHC =

(60?70?1?90?120?1)/6 = 342/6 = 57.

(ii) When SP = 120, DP = 80, RD = 0, FBS = 126,

CHL = 200, INS = 0, then NHC=

(120?80?0?126?200?0)/6 = 526/6 = 87.66.

(iii) When SP = 140, DP = 90, RD = 2, FBS = 200,

CHL = 240, INS = 2, then NHC =

(140?90?2?200?240?2)/6=342/6 = 111.66.

(iv) When SP = 160, DP = 100, RD = 3, FBS = 250,

CHL = 250, INS = 3, then NHC =

(60?90?1?70?120?1)/6 = 766/6 = 127.66

Hence, we can observe that when NHC decreases after

certain value, we can say that health of a person deterio-

rates. Similarly, when the value of NHC increases and

crosses some fixed value, we can say that a person suffers

poor health. Thus, when NHC lies within a certain range,

we can say that a person experiences good health. More-

over, the Takagi–Sugeno fuzzy inference system can have

only one output. To provide the output for the learning of

the supervised network, we have provided 156 scalars as

the output by defining NHC.

2.2.8 Normalization

Normalization is done when there are several attributes.

Each of them belong to different ranges. To make a uni-

form scaling for all the data, normalization is performed. In

our present work, all the seven inputs lie in different scales.

To enhance the performance of the system, we have con-

verted the raw data into normalized data. There exist sev-

eral methods in which normalization can be done such as

Min-max, Z score, Simple Feature Scaling, etc. Due to the

advantage of linear scalability in the min-max normaliza-

tion process, we have used the normalization technique in

our present work. The rule of normalization is given in (5).

xnorm ¼ x� xmin

xmax � xmin
ð5Þ

where xmin and xmax represents the minimum and maximum

values among the set of data x. After normalizing, we have

derived that, when NHC lies within 0.18-0.56, then NHC

represents good health. If the value of NHC lies outside this

range, then we can imply health is deteriorating.

2.3 Cross-Validation

Model validation is performed to check whether a model

has achieved its goal. There are many processes in which

validation of a model is done, such as (i) Train/test split,

(ii) k-fold cross-validation, (iii) Time-series cross-valida-

tion, (iv) Nested cross-validation, and many more. In this

paper, we have used the k-fold validation process. In the

k-fold validation process, the whole data set is divided into

k classes. Each of them is called fold. That is why the

process is called k-fold validation. Among the k-folds, we

have chosen any onefold arbitrarily to use it as testing data

and the remaining k � 1-folds as training data. We com-

pute the training and testing error at this stage. We repeat

the process by choosing one fold from the remaining k � 1,

which we had used for training in the previous step for

testing, and the remaining k � 1-fold for training. Further,

we have used some of the data set for checking. We also

compute the checking error along with the training and

testing error in each iteration. We continue this process till

all the folds are used for training and testing (Table 6). The

error of the application is the average error after each

iteration.

Table 4 The chart of weights

for CHL
Description CHL

Low \ 120

Desirable 120–200

Borderline high 201–239

High [ 240

Table 5 The chart of weights

for INS
Description INS

No insomnia 0

Low 1

Medium 2

High 3
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In our present work, we have total 156 data set. Among

them, we have divided the whole data for training, testing,

and checking. We have chosen 16 data points for checking.

Remaining 140 data are divided for training and testing.

Here, we have divided the 140 data into fourfolds, i.e.,

k ¼ 4. So, each fold contains 35 data points. We have used

onefold for testing and the remaining folds for training.

Total 4 iteration are performed, and RMSE error at each

iteration is computed using rule (6). After completion of all

the iterations, we see that iteration 2 shows the least error

and the difference between the training error, testing error,

and checking error is least in iteration 2. Table 7 shows the

RMSE errors of all the iterations. The RMSE values are

derived using (6).

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n

Xn

k¼1

ðyðkÞ � f ðxðkÞÞÞ2

s

ð6Þ

where y(k) are the actual value of the output, f ðxðkÞÞ0s, say

are the predicted values of the output, x(k) are the inputs

where k ¼ 1; 2; :::; n, and n is the sample size. These

parameters evaluate the agreement between actual and

predicted values.

3 Results and Discussion

From the section discussed above, we have found a model

using the ratio of data set derived in iteration 2. To generate

the model, we have used subtractive clustering method as

discussed earlier. We have taken range of influence ¼ 0:5,

squash factor ¼ 1:25, accept ratio¼ 0:5, reject ratio

¼ 0:15. Hybrid method is taken as learning algorithm.

After performing training, testing, and checking in the

above section, we derived the best possible model using

ANFIS. Figure 2 represents the change of training error

with respect to the number of epochs. We see that the

training error finally takes a value of 0.0653. Figure 3

illustrates the graphical representation of FIS predicted

output and the provided data for testing. The red color

represents FIS generated output, and the blue one repre-

sents the output used while testing. In this case, the testing

error is 0.1053. The training, testing, and checking errors

are computed using the formula (6), i.e., all the errors are

Root Mean Square Error.

Ultimately, we have derived a Sugeno-type fuzzy

inference system (Fig. 4). In the model, the inputs are taken

as Gaussian fuzzy numbers and output as constant. Each of

the inputs has three membership functions. The fuzzy

inference system is generated by the subtractive fuzzy

clustering method. Using the hybrid learning algorithm 7,

‘if-then’ rules have been created in the system by training

and testing the input and output data. The rules are given

below. Here, each of the input and the output data are

divided in seven clusters. Corresponding to each cluster of

the input variable, there exists a rule assigned to a output

cluster. Defuzzification is done using the weighted average

method. Figure 5a–g represent the membership functions

of the input variables after completion of training and

testing. Figure 6 represents the ‘if-then’ rule of the fuzzy

inference system. We have presented some surfaces

derived from the Takagi–Sugeno fuzzy inference system.

1. If (Age is in1cluster1) and (SP is in2cluster1) and (DP

is in3cluster1) and (RD is in4cluster1) and (FBS is

in5cluster1) and (CHL is in6cluster1) and (INS is

in7cluster1), then (NHC is out1cluster1) (1)

2. If (Age is in1cluster2) and (SP is in2cluster2) and (DP

is in3cluster2) and (RD is in4cluster2) and (FBS is

in5cluster2) and (CHL is in6cluster2) and (INS is

in7cluster2), then (NHC is out1cluster2) (1)

3. If (Age is in1cluster3) and (SP is in2cluster3) and (DP

is in3cluster3) and (RD is in4cluster3) and (FBS is

in5cluster3) and (CHL is in6cluster3) and (INS is

in7cluster3), then (NHC is out1cluster3) (1)

4. If (Age is in1cluster4) and (SP is in2cluster4) and (DP

is in3cluster4) and (RD is in4cluster4) and (FBS is

in5cluster4) and (CHL is in6cluster4) and (INS is

in7cluster4), then (NHC is out1cluster4) (1)

5. If (Age is in1cluster5) and (SP is in2cluster5) and (DP

is in3cluster5) and (RD is in4cluster5) and (FBS is

in5cluster5) and (CHL is in6cluster5) and (INS is

in7cluster5), then (NHC is out1cluster5) (1)

Table 6 k-cross-validation

Iteration Folds for training Fold for testing

1 2,3,4 1

2 1,3,4 2

3 1,2,4 3

4 1,2,3 4

Table 7 Cross-validation for this model

Iteration Folds for Fold for testing RMSE Value

training Training Testing Checking

1 2,3,4 1 0.0542 0.1638 0.0906

2 1,3,4 2 0.0653 0.1053 0.1101

3 1,2,4 3 0.0571 0.0861 0.0898

4 1,2,3 4 0.0659 0.1060 0.0970
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6. If (Age is in1cluster6) and (SP is in2cluster6) and (DP

is in3cluster6) and (RD is in4cluster6) and (FBS is

in5cluster6) and (CHL is in6cluster6) and (INS is

in7cluster6), then (NHC is out1cluster6) (1)

7. If (Age is in1cluster7) and (SP is in2cluster7) and (DP

is in3cluster7) and (RD is in4cluster7) and (FBS is

in5cluster7) and (CHL is in6cluster7) and (INS is

in7cluster7), then (NHC is out1cluster7) (1)

Figure 7a represents the change of NHC with respect to

Age and SP when the remaining parameters, i.e., DP, RD,

FBS, CHL, and INS, are low. Figure 7c represents the

change of NHC with respect to Age and SP when the

remaining parameters, i.e., DP, RD, FBS, CHL, and INS,

are medium. Figure 7e represents the change of NHC with

respect to Age and SP when the remaining parameters, i.e.,

DP, RD, FBS, CHL, and INS, are high. Figure 7g repre-

sents the change of NHC with respect to Age and DP while

the remaining parameters remain medium. Figure 7i rep-

resents the change of NHC with respect to Age and DP

while the remaining parameters remain high. Figure 7k

represents the change of NHC with respect to Age and RD,

while the remaining parameters are low. In a similar

manner, we have presented Fig. 7m, o, q. We can obtain

several surfaces to observe the relation between age and

normalized health condition, keeping the remaining

parameters in different ranges.

In some figures, we can see that the output NHC takes

values greater than 1. It is observed that the output attains

values greater than 1 when the inputs are taken relatively

Fig. 2 Graphical representation

of training error with the change

of epochs

Fig. 3 Graphical representation

of FIS predicted output and the

given test data

System anfis33: 7 inputs, 1 outputs, 7 rules

Age (7)

SP (7)

DP (7)

RD (7)

FBS (7)

CHL (7)

INS (7)

f(u)

NHC (7)

anfis33

(sugeno)

7 rules

Fig. 4 The adaptive neural network derived FIS
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odd in contrast with any real-life scenario. Moreover, the

output may attain negative values too due to the same

reason. So, we would explain the scenarios when the value

of NHC lies within 0–1. In Fig. 7b, NHC lies in the range

[0.025,0.45]. We can see from the figure that when SP is

low, NHC is low. Thus, when SP, DP, RD, FBS, CHL are

in the low range, NHC is low. With increasing SP, NHC

increases and lies within the normal range. Thus, due to

COVID-19 infection, a person suffering from low blood

pressure, low blood sugar has a lower NHC value. In

Fig. 7d, here DP, RD, FBS, CHL and INS all lie in normal

range. The range of NHC is [0.2–0.9]. NHC attains a value

between 0.2 and 0.5 for people of any age group. Thus,

when the parameters SP, DP, RD, FBS, CHL, and INS of a

person are normal, then COVID-19 infection has less effect

on a person’s health. In Fig. 7f, the parameters DP, RD,

FBS, CHL, and INS remain high. In this case, we see that

NHC is not varying with age. With the increasing value of

SP, NHC increases. Hence, we can say that a person of any

age group suffering from high cholesterol infection due to

the COVID-19 virus has a significant effect on their health

even if they have normal blood pressure. Figure 7h repre-

sents the change of NHC with respect to Age and DP when

the remaining parameters lie in the normal range. Here, the

output lies in the interval [0.4 1.3]. In this case, people

from the lower age group have good NHC values. Hence, it

can be said that if SP, RD, FBS, CHL, INS are normal,

younger persons are less likely to be affected by infection

of COVID-19 than an older person. Figure 7j represents

the change of NHC with respect to Age and DP when the

other inputs lie in a higher than the normal range. In this

case, NHC takes values between 0.4 and 1.4. Here too, we

can see that younger people are less affected by COVID-19

infection in spite of high SP, FBS, CHL, INS. Figure 7l

represents the change of NHC with respect to Age and RD

when the rest of the parameters SP, DP, FBS, CHL, and

INS are high. In this case, NHC varies from 0.7–1.3.

Hence, the health condition of people of any age group

deteriorates due to COVID-19 infection. Figure 7n repre-

sents the change in NHC with respect to Age and FBS

when the remaining parameters lie in the lower than the

normal range. In this case, NHC lies in [0.15–0.4]. If FBS

is normal, NHC is good for a person of any age group.

Figure 7p represents the change of NHC with respect to

Age and CHL whenever the rest of the parameters are

assigned values in a normal range. In this case, we see that

person from a higher age group suffers more due to

COVID-19 infection. Figure 7r represents the change of

NHC with respect to Age and INS when the remaining

parameters lie in the high normal range. Here, the output

takes values between 0.7 and 1.2, i.e., the overall output is

high.

4 Conclusion

In this paper, we have proposed a model that shows the

change in the health condition of the infected persons by

COVID-19. We have collected the data of seven parame-

ters, namely, age, systolic pressure (SP), diastolic pressure

bFig. 5 a Final membership function of the input variable ‘Age,’

b Final membership function of the input variable ‘SP,’ c Final

membership function of the input variable ‘DP,’ d Final membership

function of the input variable ‘RD,’ e Final membership function of

the input variable ‘FBS,’ f Final membership function of the input

variable ‘CHL,’ g Final membership function of the input variable

‘INS’

Fig. 6 ‘if-then’ rules of the

Fuzzy Inference System
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Fig. 7 a represents the change

in NHC with respect to Age and

SP when DP = 0.2, RD = 0.4,

FBS = 0.175, CHL = 0.45 and

INS = 0.3. b represents its

projection. c Represents the

change in NHC with respect to

Age and SP when DP = 0.2, RD

= 0.4, FBS = 0.175, CHL ¼
0:45 and INS¼ 0:3.

d Represents its projection.

e Represents the change in NHC

with respect to Age and SP

when DP = 0.833, RD¼ 0:7,

FBS ¼ 0:175, CHL ¼ 0:7 and

INS¼ 0:6. f represents its

projection. g Represents the

change in NHC with respect to

Age and DP when SP = 0.285,

RD¼ 0:4, FBS ¼ 0:175, CHL ¼
0:45 and INS¼ 0:3.

h Represents its projection.

i Represents the change in NHC

with respect to Age and DP

when SP = 0.45, RD¼ 0:6, FBS

¼ 0:175, CHL ¼ 0:7 and

INS¼ 0:6. j Represents its

projection. k Represents the

change in NHC with respect to

Age and RD when SP = 0.65,

DP¼ 0:833, FBS ¼ 0:305, CHL

¼ 0:7 and INS¼ 0:7.

l Represents its projection.

m Represents the change in

NHC with respect to Age and

FBS when SP = 0.114,

DP¼ 0:2, RD ¼ 0:1, CHL ¼
0:08 and INS¼ 0:1.

n Represents its projection.

p Represents the change in

NHC with respect to Age and

CHL when SP = 0.285,

DP¼ 0:45, RD = 0.4, CHL =

0.08 and INS = 0.1.

p Represents its projection.

q Represents the change in

NHC with respect to Age and

INS when SP = 0.65, DP =

0.833, RD = 0.6, FBS = 0.505

and CHL = 0.7. r Represents its

projection
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(DP), respiratory distress (RD), fasting blood sugar (FBS),

cholesterol (CHL), and insomnia (INS) of 156 persons who

were infected by COVID-19. We collected the data before

and after the infection. Finally, we have found the desired

model that shows the effect of COVID-19 on a person’s

normal health. We have also derived that age of a person is

a crucial factor in determining the effect of Covid-19

infection. COVID-19 infection has more effect on older

adults than younger people even if they have normal SP,

DP, no RD, no insomnia. It is also found that if SP, DP,

RD, FBS, CHL, and INS of a person are lower than the

normal range, NHC does not change much due to COVID-

19 infection. On the other hand, if a person has higher

values than standard SP, DP, RD, or INS, the COVID-19

infection significantly affects a person’s health. Since the

obtained results are based on randomly chosen people,

therefore, we can conclude that this result will be true in

general case also.
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In our future work, we will try to collect more data by

surveying more individuals in heterogeneous regions by

using other soft computing techniques.
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