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Abstract
The contemporary situation of the world is very pathetic due to the spread of COVID-
19. In this article, we have prepared a decision making model on COVID-19 pandemic
patients with the help of the neutrosophic similarity measures. The model is to predict
the COVID-19 patents for testing positive and testing negative. The decision making
is based on the testing result of the COVID-19 cases. We have used the neutrosophic
similaritymeasure theory and the distance function.We have used the C-programming
for finding the result of the suspected patients.

Keywords Neutrosophic set · Raw data · Corona virus · Similarity measure ·
Distance function C-programming
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1 Introduction

The World Health Organization (WHO) announced a pandemic crisis due to COVID-
19 on March 11, 2020. COVID-19 has a variety of effects on various persons. The
COVID disease manifests itself in six different ways. The majority of infected patients
will experience mild to moderate sickness and will be able to recover without the need
for hospitalization.

COVID-19 was discovered for the first time in December 2019 in Wuhan, China.
On January 30, 2020, theWorld Health Organization designated the outbreak a Public
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Health Emergency of International Concern, and on March 11, it was declared a
pandemic. More than 199,022,838 cases had been documented in more than 222
nations and territories as of August 2, 2021, resulting in more than 4,240,374 deaths;
more than 179,631,883 people have recovered. There are many symptoms of COVID-
19 pandemic patents. In this article, we have developed a model for the decision
on becoming positive or negative of the COVID patents. As a result of which the
patients will be admitted for treatment to save life. We have taken the help of the
neutrosophic set theory for the case study, since the number of symptomatic people
is asymptomatic. After the analysis of the tested data, one can decide the necessity
for ventilation and who are home-quarantine process. We use the similarity measure
theory for the distance measure of the COVID-19 patents. The terms “Similarity” is
an adjective, the term may refer to a likeness, analogy, semblance, or comparableness
between several aspects, incidents, objects, or even beings. Two objects are said to
be similar if they are alike to a certain degree in terms of their inherent attributes
such as appearance (viz. size, texture, color, height, length, broadness, thickness,
etc.), nature or behavior, or in terms of the way they react or interact concerning
other objects or beings. In mathematics and the related fields, the logical counterpart
of similarity exists as a real-valued function that estimates the similitude between
objects. The concept of Intuitionistic fuzzy sets, interval valued Intuitionistic fuzzy
sets and soft set was studied by many researchers [1–6]. The concept of similarity
in the context of uncertainty (in the form of fuzziness) can be traced back to the
study of similarity measure introduced by [7–16], proposed an axiomatic definition of
similarity.Xuecheng’s studyhad further revealed that similarity exists as a dual concept
concerning the distance measure. In this article we shall find the Hausdorff distance
to find the critical position, mid-position, and normal position for the patents based
on neutrosophic membership value, non-membership value, and indeterminacy. There
are many types of COVID-19 patents here some spatial types have been discussed for
defining the different membership criterion functions. Many researcher worked on
COVID-19 disease [17–20] and decision making model based on different problems
[21–24]. Many researcher work on data mining in different situation, like Olson and
Shi [25] Introduction to business data mining, Shi et al. [26] Optimization based
data mining: theory and applications, Gamelin et al. [27] Effect of high intensity
intermittent training on heart rate variability in prepubescent children. Slifka [28]
introduced "Clinical implications of deregulated cytokine production” Brown and
Aaron [29] worked on "The politics of nature" Smith et al. [30] worked on "Future of
health insurance" neutrosophic set and its application [31, 32].

Research of COVID-19, is based on data from a symptom tracker app, discovered
that there are six different "types" of the condition involving various groups of symp-
toms. The data could open new possibilities for how the doctors can properly treat
individual cases and predict the level of clinic care they would require. Researchers
from King’s College London studied data from approximately 1600 U.K. and U.S.
patients who regularly logged their symptoms in the COVID Symptom Tracker App
during March and April 2020.Typically, doctors will examine for key symptoms such
as cough, fever, and loss of the sense of smell to detect COVID-19. The study, which
has not been peer-reviewed, says the six different "types" of COVID-19 can vary by
severity and come with their own set of symptoms.
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The six clusters of symptoms outlined in the study are:
Flu-like with no fever: Headache, loss of smell, muscle pains, cough, sore throat,

chest pain, no fever.
Flu-like with fever: Headache, loss of smell, cough, sore throat, hoarseness, fever,

loss of appetite.
Gastrointestinal: Headache, loss of smell, loss of appetite, diarrhea, sore throat,

chest pain, no cough.
Severe level one, fatigue: Headache, loss of smell, cough, fever, hoarseness, chest

pain, fatigue.
Severe level two, confusion: Headache, loss of smell, loss of appetite, cough, fever,

hoarseness, sore throat, chest pain, fatigue, confusion, muscle pain.
Severe level three, abdominal and respiratory: Headache, loss of smell, loss of

appetite, cough, fever, hoarseness, sore throat, chest pain, fatigue, confusion, muscle
pain, shortness of breath, diarrhea, abdominal pain.

The first level, "flu-like with no fever," is associated with headaches, loss of smell,
muscle pains, cough, sore throat, and chest pain. Patients at this level have a 1.5%
chance of needing breathing support such as oxygen or a ventilator.

The second type, "flu-like with fever," includes symptoms like loss of appetite,
headache, loss of smell, cough, sore throat, hoarseness, and fever. Researchers say
about 4.4% of patients at this level needed breathing support.

Patients with the third type, simply described as "gastrointestinal," do not have a
cough as part of their illness. Instead, they experience headaches, diarrhea, loss of
smell, loss of appetite, sore throat, and chest pain, and about 3.3% needed breathing
support.

Lahita referred to the following three clusters of COVID-19 as the "really severe
types."

In type four, or "severe level one," patients experience fatigue along with headache,
loss of smell, cough, fever, hoarseness, and chest pain. Patients at this level needed
breathing support at a rate of 8.6%.

Type five, "severe level two," includes the symptoms of type four along with loss
of appetite, sore throat, and muscle pain, and is mainly distinguished by confusion.

"That means you don’t know where you are or where you live, whether you are in
or out of the hospital, who your relatives are," Lahita explained. "That is very scary."
Almost 10% of patients at that level need breathing support.

How the coronavirus almost killed a healthy woman with "no normal symptoms".
The most severe type of COVID-19 is referred to as "severe level three, abdominal

and respiratory," and has all the above symptoms alongwith abdominal pain, shortness
of breath, and diarrhea. Nearly 20% of these patients need breathing support.

Lahita said "Those are the severe level threes who wind up on a ventilator, and then
it is touch-and-go as to whether they survive the infection entirely".

TheU.K. researchers haveobserved that only 16%ofpatientswith typeoneCOVID-
19 required hospitalization, compared with nearly half of the patients with type six.

Patients in the severe clusters also tend to be older or with pre-existing conditions
and weakened immune systems, compared to those in the first three.
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We hope that it would help to predict the types of care patients with COVID-19
might need, and give doctors the ability to predict which patients would fall into which
category.

Data Science and related technologies are critical in the fight against pandemics,
such as the 2003 severe acute respiratory syndrome coronavirus (SARS-CoV),
COVID-19, to enable governments and health managements figure out the best prepa-
ration and response. Big data, data mining, machine learning, and a variety of other
technologies can be used to swiftly and effectively evaluate data in order to track and
regulate COVID-19’s spread over the world [17–20]. Big data is currently a hot topic
among researchers, engineers, health-care executives, and administrators [26]. Sev-
eral academics have made extensive use of data mining techniques to uncover hidden
information in large datasets [19–21]. The results obtained from the study by Liu et al.
[19] can be linked to India and other countries, whichwill be valuable in understanding
the virus transmission patterns among the population of different age-groups.

In this paperwe have prepared aC-programming bywhich is can compare suspected
patents with the COVID-19 patents a prediction based on the expert data.

2 Preliminaries

In this section we procure some definitions and examples which will be used in rest
of the article.

Definition 2.1 [6, 7] Let U be an initial universe and E be a set of parameters. Let
P(U) denotes the power set of U and A ⊆ E. Then the pair (F, A) is called a soft set
over U, where F is a mapping given by F:A → P(U).

Definition 2.2 [32] A neutrosophic set A on the universe of discourse X is defined
as A � {(x, (TA(x), IA(x), FA(x)), x̂I X}whereT , I , F : X → ]−0, 1+

[

and−0 ≤
TA(x) + IA(x) + FA(x) ≤ 3+. From philosophical point of view, the neutrosophic set
takes the value from real standard or non-standard subsets of]−0, + 1 [But in real life
application in scientific and engineering problems it is difficult to use neutrosophic
set with value from real standard or non-standard subset of]−0,1+[.

Hence we consider the neutrosophic set which takes the value from the subset of
[0,1] that is

−0 ≤ TA(x) + IA(x) + FA(x) ≤ 3+,

where TA(x) is called truth-membership function, IA(x) is called an indeterminacy-
membership function and FA(x) is called a falsity membership function.

Definition 2.3 [6] LetU be the universal set and E be the set of parameters. Let A ⊆ E
and P(U) be the set of all neutrosophic sets of U. Then the collection (F, A) is called
neutrosophic soft set over U, where F is a mapping given by F: A → P(U).

Definition 2.4 [32] Let U is a space of points (objects), with a generic element in U.
A single value neutrosophic set (SVN-set) A in U is characterized by truth member-
ship function TA, a indeterminacy-membership function IA and a falsity- membership
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function FA. For each point u ∈ U;TA, IA and FA ∈ [0, 1]. Thus a SVN-set A over U
is represented as A � {(TA(u), IA(u), FA(u)): u ∈ U} Where −0 ≤ TA(u) + IA(u) +
FA(u) ≤ 3+ and (TA(u), IA(u),FA(u)) is called single value neutrosophic number for
all u.

Definition 2.5 [7] Let U be an initial universal set, E be a set of parameters and A
⊆ E. Let SVNS(U) denotes the set of all interval value neutrosophic subsets of U.
The collection (F,A) is termed to be the interval valued neutrosophic soft set over U,
where F is a mapping given by F: A → SVNS(U).

3 Similarity Measure Between Two IVNS Sets Based on Distances

In this section we define hamming and Euclidean distances between two single valued
neutrosophic sets and proposed similarity measures based on these distances.

COVID-19 disease is a severe issue that has affectedmany people around the world.
The following are some of the state’s most common symptoms.

A. Fever is a temperature measurement in degrees Celsius. Coughing that is dry, C.
Exhaustion, E. Loss of taste or smell, D. Headache F. shortness of breath or difficulty
breathing.

We create a neutrosophic soft set based on those symptoms, and by establishing a
distance function, we create a C-programming that allows us to determine whether a
patent Covid is positive or not. In this case, we’ll use conventional Covid-19 patent
data to calculate the distance between two regular patents; if the distance is zero, the
patent is considered Covid positive. If the distance is great, we can assume the patents
will have other issues.

If a patent has other issues, the percentage can be calculated using the neutrosophic
distance.

Definition 3.1 Let U � {x1, x2, x3,……., xn}be an initi al universe and E � {e1,
e2,e3,……., em}be a set of parameters. Let SVNS(U) denotes the set of all single
valued neutrosophic subsets of U. Also let (A, E) and(B, E) be two single valued
neutrosophic soft sets over U, where A and B are mappings given by A, B: E →
SVNS(U). Define the following distances between (A, E) and (B, E) as follows:

1. Hamming Distance
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2. Normalized Hamming distance
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3. Euclidean distance
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4. Normalized Euclidean distance
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5. Neutrosophic Distance
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where,μ is the truemembership value for covid-19η is the indeterminacy element.
6. Normalized Neutrosophic Distance
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Ī (xi )
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The percentage of possibility for Covid-19 positive is T*100%,.

123



Annals of Data Science (2022) 9(1):55–70 61

The percentage of doubt for Covid-19 positive is I*100%,.
The percentage of possibility for Covid-19 negative is F*100%,.
In case of neutrosophic distance if T*100%,. ≥ I*100%,. + F*100%, then the

decision will be in favor of true membership value.
Wehave defined three types of distance function for the finding the distance between

twopatentswhere one patents have covid-19 and other onewillmeasure by the distance
function and what the percentage of covid positive occur.

If the distance lies in the interval [0, 0.4] then we consider both has the similar
condition if the distance lies (0.4, 0.55) then cannot decided it must take under obser-
vation and if distance lies in [0.55, 1] then we consider the patents may have opposite
decision.

4 Application on COVID-19

First we construct a decision making method based on similarity measure of two
neutrosophic sets. It is a medical diagnosis problem on COVID-19.

Similarity measure of two neutrosophic soft sets based on Normalize Hamming
distance, and Normalized Euclidian distance can be applied to estimate the possibility
that an ill person having certain symptoms. He /She is suffering from COVID-19 or
not. We construct a neutrosophic soft set for the disease and another neutrosophic
soft set for ill person. Then we find the similarity measure of these two neutrosophic
soft sets. If the similarity measure is less than or equal to 0.4 (which can be fixed
by a medical expert person) then we conclude that the person is possibly suffering
from COVID-19. If the similarity measure is greater than 0.4to 0.55 then the person
is not possibly suffering from the disease COVID-19 but need observation. similarity
measure is greater than or equal to 0.55 then the patents are free from COVID-19.

The steps of this algorithm are:
Step 1 A neutrosophic soft set element is Constructed for disease over the universe

U. It is based on medical expert.
Step 2 A neutrosophic soft set (G, B) is Constructed over the universe U for a

patient.
Step 3 Calculate the Hamming distance between (F, E) and (G, E).
Step 4 Calculate similarity measure of (F, E) and (G, E).
Step 5 Estimate result by using the similarity.

Example 1 Here we are providing an example of a decision-making method in a
single-valued neutrosophic soft set setting using a similarity measure.

To handle that pandemic situation, select an ideal case (a patient who was suffering
from COVID-19). By calculation of similarity measure of any suspected patient with
an ideal case to the diagnosis of the COVID-19. Through this technique, doctors
can take fast a decision to diagnosis the disease and create a helping environment in
medical diagnosis.

In this case, let us consider a patient who was suffering from COVID-19. Using the
COVID-19 patient data we will decide for a set of elements of new patients. P1, P2,
P3 and universal set U of Experts. Let U � {x1, x2, x3,x4} be the universal set and E
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� {e1, e2, e3, e4, e5, e6} be the set of parameters. Let (A, E), (P1, E), (A, P1)and (A,
P3) are four neutrosophic soft sets overU.Here A is the known person we have to find
out the distance of Pi from A. The tabular representations of A and Pi’sare as follows:

(A, E) e1 e2 e3 e4 e5 e6

x1 < 1, 0, 0 > < 1, 0, 0 > < 1, 0, 0 > < 1, 0, 0 > < 1, 0, 0 > < 1, 0, 0 >

x2 < 1, 0, 0 > < 1, 0, 0 > < 1, 0, 0 > < 1, 0, 0 > < 1, 0, 0 > < 1, 0, 0 >

x3 < 1, 0, 0 > < 1, 0, 0 > < 1, 0, 0 > < 1, 0, 0 > < 1, 0, 0 > < 1, 0, 0 >

x4 < 1, 0, 0 > < 1, 0, 0 > < 1, 0, 0 > < 1, 0, 0 > < 1, 0, 0 > < 1, 0, 0 >

(P1, E) e1 e2 e3 e4 e5 e6

x1 < 0.1, 0.2,
0.7 >

< 0.2, 0.3,
0.5 >

< 0.1, 0.1,
0.9 >

< 0.2, 0.3,
0.5 >

< 0.21, 0.2,
0.9 >

< 0. 1, 0.3,
0.9 >

x2 < 0.1, 0.6,
0.6 >

< 0.2, 0.5,
0.7 >

< 0.1, 0.2,
0.8 >

< 0.1, 0.5,
0.4 >

< 0.3, 0.2,
0.5 >

< 0.1, 0.2,
0.6 >

x3 < 0.3, 0.2,
0.6 >

< 0.3, 0.4,
0.6 >

< 0.1, 0.2,
0.7 >

< 0.2, 0.3,
0.5 >

< 0.2, 0.6,
0.9 >

< 0.0, 0.6,
0.9 >

x4 < 0.1, 0.1,
0.9 >

< 0.2, 0.3,
0.5 >

< 0, 0.1,
0.9 >

< 0.1, 0.2,
0.7 >

< 0.2, 0.5,
0.3 >

< 0.4, 0.1,
0.5 >

NHD � 0.60125

NED � 0.657

NND �< 0.43, 0.16, 0.411 >�< 43%, 16%, 41% >

(P2, E) e1 e2 e3 e4 e5 e6

x1 < 0.5, 0.4,
0.2 >

< 0.4, 0.4,
0.3 >

< 0.5, 0.5,
0 >

< 0.1, 0.4,
0.5 >

< 0.7, 0.3,
0 >

< 0.8, 0.2,
0 >

x2 < 0.4, 0.5,
0.1 >

< 0.3, 0.4,
0.3 >

< 0.5, 0.2,
0.3 >

0.2, 0.3, 0.4
>

< 0.8, 0,
0.2 >

< 0.7, 0,
0.3 >

x3 < 0.6, 0.4,
0 >

< 0.5, 0.5,
0 >

< 0.4, 0.2,
0.4 >

< 0.1, 0.2,
0.7 >

< 0.5, 0.2,
0.3 >

< 0.6, 0.1,
0.3 >

x4 < 0.5, 0.2,
0.3 >

< 0.2, 0.3,
0.5 >

< 0.4, 0.3,
0.3 >

< 0.3, 0.2,
0.5 >

< 0.6, 0.2,
0.2 >

< 0.8, 0.1,
0.1 >

123



Annals of Data Science (2022) 9(1):55–70 63

NHD � 0.351388; NED � 0.36836;

NND �< 0.5, 0.26, 0.24 >�< 50%, 26%, 24% >

(P3, E) e1 e2 e3 e4 e5 e6

x1 < 0.8, 0,
0.2 >

< 0.7, 0.1,
0.2 >

< 0.8, 0.1,
0.1 >

< 0.7, 0.2,
0.1 >

< 0.6, 0.2,
0.2 >

< 0.7, 0.2,
0.1 >

x2 < 0.7, 0.3,
0 >

< 0.8, 0,
0.2 >

< 0.9, 0.1,
0 >

< 0.8, 0,
0.2 >

< 0.7, 0.2,
0.1 >

< 0.6, 0.1,
0.3 >

x3 < 0.8, 0.2,
0 >

< 0.7, 0.2,
0.1 >

< 0.6, 0.1,
0.3 >

< 0.7, 0.1,
0.2 >

< 0.6, 0.4,
0 >

< 0.7, 0.1,
0.2 >

x4 < 0.7, 0.1,
0.2 >

< 0.6, 0.2,
0.2 >

< 0.7, 0.1,
0.2 >

< 0.6, 0.2,
0.2 >

< 0.6, 0.2,
0.2 >

< 0.6, 0.3,
0.1 >

NHD � 0.2027777; NED � 0.2327258;

NND �< 0.5, 0.25, 0.25 >�< 50%, 25%, 25% >

4.1 Calculation of Normalize Hamming Distances

Now by Definition 3.1 the Normalized Hamming distance between A and P1, P2, P3
are given by

NHD(A, P1) � 0.60125, NHD(A, P2) � 0.351388, NHD(A, P3) � 0.202777

According to the Definition 3.1 the decision by the above distance the patents P1,
P2, P3 are as follows

P1 − ve

P2 + ve

P3 + ve

4.2 Calculation Normalize Euclidean Distances

Now by Definition 3.1 Normalize Euclidean distancesbetween A and P1, P2, P3are
given by,

NED(A, P1) � 0.657, NED(A, P2) � 0.368, NED(A, P3) � 0.2327.
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According to the Definition 3.1 the decision about the patents P1, P2, P3 are as
follows

P1 − ve

P2 + ve

P3 + ve

4.3 Calculation of Normalize Neutrosophic Distances

Now by Definition 3.1 Normalize Neutrosophic distancesbetween A and P1, P2, P3
are given by,

NND(A, P1) �< 0.43, 0.16, 0.41 >�< 43%, 16%, 41% >

NND(A, P2) �< 0.5, 0.26, 0.24 >�< 50%, 26%, 24% >

NND(A, P3) �< 0.5, 0.25, 0.25 >�< 50%, 25%, 25% >

According to the Definition 3.1 the decision about the patents P1, P2, P3 are as
follows

P1 − ve

P2 + ve

P3 + ve

After that calculation the results are as follows:
Here we consider patents A as a Covid-19.

4.4 Patients Results

P1 − ve

P2 + ve

P3 + ve

5 Conclusion

In this paper we established a c-programming for finding the distances between two
single valued neutrosophic soft sets. We use different distances function for similarity
measure between two single valued neutrosophic soft sets. A programming is devel-
oped using for decision making problem. An example is given to demonstrate the
possible application of proposed C-program in COVID-19 patients. The article usable
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for other decision making problems also, which is quite relevant to neutrosophic soft
set.

Note The work is executed by the C-programming. The programming is given in
the Appendix below.
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Appendix

#include <stdio.h>

#include<conio.h>

#include<math.h>

void main() {

int n,k,i,j,l,m;

float x[10][10][10][3],HD[10],ED[10],NHD[10],NED[10], T[10],F[10],I[10], S[10];

clrscr();

prin�("Enter the number of syntoms n");

scanf("%d",&n);

prin�("Enter the number of patents k");

scanf("%d",&k);

prin�("Enter the number of eaxparts m");

scanf("%d",&m);

prin�("Enter the Neutrosophic Data of all patents includind ill patents in 1st posi�on");

for(k=0;k<4;k++)

{

for(m=1;m<5;m++)

{

for(n=1;n<7;n++)

{

for(i=0;n<4;n++)

scanf("%f",&x[k][m][n][i]);

}}}

for(i=1;i<4;i++)
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HD[i]=0;

ED[i]=0;

{

for(j=1;j<5;j++)

{

for(k=1;k<7;k++)

{

for(l=1;l<4;l++)

HD[i]=HD[i]+fabs(x[0][j][k][l]-x[i][j][k][l]);

ED[i]=ED[i]+pow(fabs(x[0][j][k][l]-x[i][j][k][l]),2);

}}}

prin�("the normalized Hamming distance and Ecludian distance are following: \n ");

for(i=1;i<4;i++)

{

NHD[i]=HD[i]/(3*6*4);

NED[i]=ED[i]/(3*6*4);

prin�("NHD[%d]=",i);

prin�("\n NED[%d]=",i);

}

for(i=1;i<4;i++) 

{ 

T[i]=0; 

I[i]=0; 

F[i]=0; 
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for(j=1;j<5;j++)

{

for(k=1;k<7;k++)

{

for(l=1;l<4;l++)

{

if(l=1)

T[i]=T[i]+fabs(x[0][j][k][l]-x[i][j][k][l]);

else if(l=2)

I[i]=I[i]+fabs(x[0][j][k][l]-x[i][j][k][l]);

else

I[i]=I[i]+fabs(x[0][j][k][l]-x[i][j][k][l]);

}}}}

prin�("The normalized Neutrosophic distance is as follows\n");

for(i=1;i<4;i++)

{

S[i]=T[i]+I[i]+F[i];

T[i]=(T[i]/(6*4*S[i]))*100;

I[i]=(I[i]/(6*4*S[i]))*100;

F[i]=(F[i]/(6*4*S[i]))*100;

prin�("The patents %d has %f percentage probability to have Covid posi�ve",i,T[i]);

prin�("The patents %d has %f percentage Doubt to have Covid posi�ve",i,I[i]);

prin�("The patents %d has %f percentage Probability to do not have Covid posi�ve",i,I[i]);

}

prin�(“From the Above conclusion the Results of the given patents can be analysis and any patents can 
take the decision on the basis of given data\n ”)

getch();}
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