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Abstract

Among the most classic measures in single valued neutrosophic sets (SV N S) theory, the distance is an important tool to
compare and calculate degree of difference between SV N S. Although there exist some types of distance for single valued
neutrosophic sets, most of them lack of strictly axiomatic definition and exist counter-intuitive cases. In this paper, a novel
distance between single valued neutrosophic sets based on matrix norm is given. Then we proved that the new distance satisfies
the axiomatic definition of the metric. Finally, the distance is applicated to pattern recognition and medical diagnoses.
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1 Introduction

In the real world, uncertain, vague, inaccurate information
can be found in many domains. The theory of fuzzy set had
been proposed by Zadeh (1965), which had been a great suc-
cess in dealing with uncertainty. Later, some extension of
the fuzzy set has been studied by many scholars. For exam-
ple, Atanassov (1986) presented intuitionistic fuzzy sets,
which are characterized by a membership function and a non-
membership function. Intuitionistic fuzzy sets are considered
to be more effective method to handle uncertain, vague infor-
mation. However, the intuitionistic fuzzy sets cannot better
depict vague, indeterminate and inconsistent information.
For example, three groups of experts evaluate the benefits
of the fund, the first groups of experts believes that the prob-
ability of the fund will be profitable is 0.6, the second groups
of experts believes that the probability of the fund will be
loss is 0.3, the third groups of experts not sure whether the
fund will be profitable is 0.3. In order to more comprehensive
handle indeterminate and inconsistent information, Smaran-
dache (1999, 2010) introduced the concept of neutrosophic
set, which characterized by a true membership function
4 (x), a false membership function f4(x) and an indetermi-
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nate function i4(x), where 14 (x), ia(x), fa(x) €]0~, 17[.
Ma et al. (2019) studied generalized neutrosophic extended
triplet group. Since the nonstandard interval J0~, 1] may
result in neutrosophic set is not easy to apply in practi-
cal problems. Smarandache (1998) and Wang et al. (2010)
proposed single valued neutrosophic set (SVNS), which
characterized by a true membership function 74 (x), a false
membership function f4(x) and an indeterminate function
ia(x), where t4(x),ia(x), fa(x) € [0, 1]. In recent years,
single-valued neutrosophic set has been applied in many
fields including deductive filters (Borzooei et al. 2017), clus-
tering analysis (Karaaslan 2017), decision-making problems
and control theory (Liu and Li 2017; Liu 2016; Huang 2016;
Luo et al. 2019; Zhang et al. 2018).

Distance measure is effective mathematical tool to mea-
sure the degree of difference between two objects. In
recent years, the study of distance has attracted consider-
able attention of many researchers. As a pioneering research,
(Broumi and Smarandache 2013b) presented Hausdorff dis-
tance between neutrosophic sets (NS). Later, the same
author (Broumi and Smarandache 2015) extended Haus-
dorff distance for single valued neutrosophic sets and applied
in medical diagnosis. The Hamming distance, Euclidean
distance, normalized Hamming distance and normalized
Euclidean distance between neutrosophic sets were stud-
ied by Majumdar (2015). The generalized weighted distance
between neutrosophic sets was given by Ye (2013). Broumi
et al. (2014) gave generalized weighted distance between
interval neutrosophic sets. Huang (2016) defined a new
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distance measure, which consider the relationship of truth
membership function, indeterminacy-membership function
and falsity-membership function. In order to more precision,
Garg Nancy (2017) proposed some new distance measures
along with two parameters and applied them to pattern
recognition and medical diagnoses. Besides, Samuel et al.
introduced cosine logarithmic distance (Samuel and Nar-
madhagnanam 2018) between single valued neutrosophic
sets. Ren et al. (2019) studied a Chi-square distance-based
similarity measure between single valued neutrosophic sets
and applied it to pattern recognition. Similarity measure
can be used express the degree of similarity between two
objects. Majumdar and Samanta (2014) studied some sim-
ilarity measures between single valued neutrosophic sets.
Broumi and Smarandache (2013b) given several similarity
measures. Hamming distance, Euclidean distance and sim-
ilarity measures between interval neutrosophic sets were
studied by Ye (2014a). Ye (2014b) studied vector similarity
measure for single valued neutrosophic sets and applied it
to multi-criteria decision-making problems. Recently, some
similarity measures between single valued neutrosophic sets
have been put forward, such as similarity measures based on
tangent function, cotangent function and generalized Dice
measures (Ye and Fu 2016; Ye 2017b, 2015).

Although the existing distance takes into account the inter-
relationship between elements, there are often unreasonable
results in some cases (see Example 1). In order to deal with
these cases, motivated by Luo and Zhao (2018) proposed
distance measure between intuitionistic fuzzy sets, we give a
novel distance between single valued neutrosophic sets based
on matrix norm and a strictly monotonic real function.

The rest of this paper is organized as follows. In Sect. 2, we
review some basic concepts for single valued neutrosophic
sets and main results related to distance measure. In Sect. 3,
a new distance between single valued neutrosophic sets is
proposed. In Sect. 4, the effectiveness and feasibility of the
novel distance measures are illustrated with some numerical
examples of pattern recognition as well as medical diagnoses.
The final section includes conclusion and further research.

2 Preliminaries

In this section, we review some basic concepts for single
valued neutrosophic sets and main results related to distance
measure, which will be applied to other sections of the paper.
In this paper, SV N S(X) stands for all single valued neutro-
sophic subsets on universal X = {x, x2, ..., x,}.

Definition 1 (Wang et al. 2010; Smarandache 1998) A single
valued neutrosophic set A on universal X = {x, x2, ..., x,}
can be defined as follows
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A= {{talxj),ia(x)), falxp)lx; € X},

where 14(x;),14(x;), fa(x;) € [0,1] for each x; in
X, a truth-membership function 74 (x;), an indeterminacy-
membership functionia (x;), and a falsity-membership func-
tion fa(x;), the sum of £4(x;),ia(x;) and fa(x;) satisfies
the condition 0 < 74 (x;) +ia(x;) + fa(x;) < 3.

Definition 2 (Wang et al. 2010) Let A, B be two single val-
ued neutrosophic sets on universal X = {x1, x2, ..., x,}, the
following relations are defined as follows:

(1) A C Bifandonly t4(x;) < tg(x;), ia(x;) > ip(x;)
and fa(x;) > fp(x;);

(2) A=Bifandonly AC Band B C A;

(3) AN B = (min(t4(x;), tp(x;)), max(ias(x;), ip(x;)),
max(fa(x;), fp(x;)));

4) AU B = (max(ta(x;), tp(x;)), min(ia(x;), ip(x;)),
min(fa(x;), f(x;)));

(5) A ={(falxj), 1 —ialx;), ta(x;))|x; € X}.

Definition 3 (Liu 2005) Let M"*" be a matrix space, a map-
ping [|[U||: M™" — R is called a matrix norm of U, if the
following properties holds:

(1) ||U|| =0, forany U € M™" |U| = 0 if and only if
U=0;

(2) llaU|| = |al||U|l,a € M, for any U € M"*";

Q) U+ VI <IUI+ V], forany U,V € M"*";

@ UV < UV, forany U, V € M™*".

Lemma 1 (Xu and Zhang 2005) If ||U || is a matrix norm of
U, then | = Ul = |IU].

Definition 4 (Choudhary 1992) A metric space is an order
pair (X, d) where X is a set and d is a metric on X, i.e., areal
functiond: X x X — [0, +o00) such thatforany x, y, z € X,
the following holds:

(dl) d(x,y) = 0;
(d2) d(x,y) =0, if and only x = y;
d3) d(x,y) <d(x,2) +d(y,2).

The function d is called a distance.

We recall some existing distance between single val-
ued neutrosophic sets on universal X = {x1,x2,..., x5},
which are given as follows: The extended Hausdorff distance
(Broumi and Smarandache 2013a):

1 n
di(A, B) = = max {|ta(x)) = t5(x))l,
j=1

lia(xj) —ig(xpl, [ faxj) — fa(xj)l}
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The parametric normalized Hamming distance (Garg

Nancy 2017):

dru(A, B)
1 n
=50 77 j; {| = tltace) — 1wl
+liaGx;) —ig(xp)] + 1 falxj) — f(x))l|
+|Itax) — tg(xj)| — tlia(x;) —ip(x))
— | fa(xj) = fRGDI| + |l2a(x)) — 18(x))]
—liaCep) = inCpl = 1l faCep) = faCepl]}-

The normalized Hamming distance (Majumdar 2015):

1 n
32 2 It G = 15 Gepl + lia )
j=1

—ig(xj)| + [ fa(xj) — f(xjI}.

dvu(A, B) =

The normalized Euclidean distance (Majumdar 2015):
dNE(A, B)

1 n
= (E Z {taxj) — tg(x;))?

j=1
1

2
+(ia(xj) —ig(x))* + (falx;) — fB(x,-))Z}> :

The Gulfam Shahzadi’s distance measure (Shahzadi et al.

2017):
ds, (A, B)
1 n
=1— - Z{min(tA(xj), tg(x;))
j=1
+ min(is(x;), ig(x;)) +min(fa(x;), fe(x;))}
/{max(a(x;), tp(x;)) + max(ia(x;), ip(x;))

+ max(fa(x;), fe(x;))}.
ds,(A, B)

=1- (Z{min(tA(xj), 1(x;))
j=1

+ min(ia(x;), ip(x;))

+min(fa(x;), fB(xj))})

/<Z{max(tA(xj), tg(xj)) +max(ia(x;), ip(x;))

j=1

+ max(fa(x;), fB(Xj))}>-

ds,(A, B)

1T 1
=1- ;[; (1= 3Hax)) = t5x)
Hlialx;) —ipxp)|+ [ falx)) — fB(xj)|})i|-
ds,(A, B)

= Zn:{ltA(xj') —tp(xj)| +1ialxj) —ip(x;)l
-iJ-ZI}A(Xj)—fB(Xj)I}
/i{ltA(xj') + g+ 1ialx;) +ip(x;)l
+|Jj”:éx/‘)+f3(xj')|}-

The cosine distance measure (Ye 2015a):

dcs, (A, B)

=1-- Zcos[ max {|t4(x;) — tg(x;)],

liaGe)) = B @I L faG) = FaCepll ]
dcs,(A, B)

-1-= Zcos[ ItA(xj) — 1p(x;)l

+lialxj) —ip(xjp) + 1 falxj) — fB(xj)l}]~

The tangent distance measure (Ye and Fu 2016):

dr, (A, B)

:—Ztan[ max {|ta(x;) — t5(x;)l,

lia(x;) —ip(xj)l, [ falx;) — fB(Xj)I}]
dr, (A, B)

=—Ztan[

liate)) = ipGepl +1£a0e) = fa@p1 ]

The vector distance measure (Ye 2014b):

|tA(-xj) - tB(x])|

dy (A, B)

1 n
=1- n ;[(tA(xj)tB(xj) +ialx))ip(x;))

+ fa(xj) fB(x)))
WB G + 300 + £20)
V) + 30 + FA0)
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3 A new distance between single valued
neutrosophic sets

In this section, we present a new distance between single
valued neutrosophic sets on universal X = {xg, x2, ..., x,}.

Theorem 1 Let A, B be two single valued neutrosophic
sets on universal X = {x1,x2,...,x,}. A function g:
[0, 1] x [0, 1] — [0, 1] is a strictly monotonic binary func-
tion. The mapping d;: SVNS(X) x SVNS(X) — [0, 1]
can be defined as follows

1
dg(A, B; g) = 5(”“(%) — @p)ll + [ITIG )
— )| + ITI(fa) — TI(fB)ID

where

(z4)

[g(ta(x1), ta(x1)) g(ta(x1), ta(x2)) ---
8(ta(x2), ta(x1)) g(ta(x2), ta(x2)) -

g(ta(x1), 14 (xn))
g(ta(x2), ta(xn))

Lg(ta(xn), ta (x1)) g(ta (X)), ta(x2)) - -+ g(ta(xn), ta (x1))
I(ia)

[gia(x1),ia(x1)) gia(x1),ia(x2)) -+
8lia(x2),ia(x1)) glia(x2),ia(x2)) - -+

gia(x1),ia(xn))
g(ia(x2),ia(xn))

Leg(ia(xn),ia(x1)) gla(xn),ia(x2)) -+ glia(xn), ia(x,))
I1(fa)

Fe(fa(x1), fax1) g(fa(x1), fa(x2)) -+ g(fa(x1), fa(xn))
8(fa(x2), fa(x1)) g(fa(x2), fa(x2)) -+ g(fa(x2), fa(xn))

Lg(fa(xn), fa(x1)) g(falxn), fa(x2)) -+ g(fa(xn), fa(xn))

ITI| = /Amax, A is the largest non-negative eigenvalue
of positive definite matrix TITT1 (T1T is the transpose of
matrix I1) (Baker 2001). Then, dg is a metric on SV N S(X).
(SVNS(X), dg) is called a metric space and dg is called a
distance on SV N S(X).

Proof (d1) Obviously, dy > 0, we obtain 0 < g(ta(x;), 14
(x;)) < land 0 < g(tp(x;), 1p(x;)) < 1, thus ||T1(za) —
HNep)ll = n, ITIGa) — HGp)ll < n and [TI(fa) —
M(fg)| < n, then ||n(fA)3*nn(fB)H 4 ||H(fA)3—nH(fB)|| 4
MU =IUBL < 1. Therefore, 0 < dy < 1.

(d2) If d,(A, B;g) = 0, then |T1(t4) — I(tp)|l +
ITGa) — TGl + ITI(fa) — TI(fp)l = O, by Def-
inition 3 (1), we have |[I1(t4) — T1(z)||=0, ||[T1(ia) —
[@p)ll = 0 and [[TT(fa) — TI(fB)|| = O, then |[TI(4) ] =
ITIGR)L TGN = IT1GE )| and [ITI(f)I = ITI(fB)I-
Thus, we obtain g(ta(x;),ta(x;)) = g(tp(xi),tp(x;)),
glia(xi),ia(x;)) = g(ip(xi),ip(x;)) and g(fa(xi), fa
(x;)) = g(fp(xi), fp(x;)). Because g is a strictly mono-
tonic binary function for each argument, so we obtain
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ta(xi) = tp(xi), ia(x;) = ip(x;) and fa(x;)) = fp(xi),
ie, A= B.

If A = B, then we obtain t4(x;) = t(x;), ia(x;) =
ip(xj) and fa(x;) = fp(x;), because g is a strictly mono-
tonic binary function for each argument, thus g(f4(x;),
ta(x;)) = g(tp(xi), tp(x;)), g(ia(xi), ia(x;)) = g(ip(x;),
ip(xj)) and g(fa(xi), fa(x;)) = g(fp(xi), fp(x;)), then
[TI(za) — I1(zp)||=0, [[T1(ia) — [T(p)|l = O and ||TT1(fa) —
(/) = 0,s0d, (A, B; g) = 0.

Therefore, dy (A, B; g) = 0if and only if A = B.

(d3)

de(A, B; g)
_IT@a) = @)l + IT1GA) — TTGB) |l
o 3n
+||H(fA) — (/)
3n
_ (ITI(za) — T1(2c) + Tl (zc) — T (zB) ||
3n
ITIGa) — () + Gc) — IGp) |l
+ 3n
n ITI(fa) — TI(fc) + T (fe) — TI(fB)
3n
- IT1(za) — TI(z)|| + IT(2c) — T1(zB) ||
- 3n
IT1G4) — TTGo)ll + ITTGc) — T1GR) |l
+ 3n
n ITI(fa) — TICfO N + ITI(fe) — TI(fB)l
3n
_ ITI(za) — D@ + IT1GA) — TGl + I
3n
+H(fA) —I(fo)ll
3n
ITI(zp) — T + IT1GEB) — TTGC) |
+ 3n
+||H(fB) — T fo)ll
3n

=dg(A, C;8) +dg(B,C;g) (byDefinition 3 (3))

In short, dy (A, B; g) < dy(A, C; g) +dg(B, C; g). There-
fore, d, is a metric on SV N S(X). O

4 Application in pattern recognition

Inthis section, let g(a, b) = 1—a—b. In order to demonstrate
the effectiveness and feasibility of the proposed distance, we
give a numerical example to compare the proposed distance
measure with existing distance measure in Example 1. More-
over, we present a algorithm for pattern classification and
medical diagnosis in Example 2-5 to illustrate the advantage
of the proposed distance.
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Table 1 Comparison of different distance measure in terms of counter-intuitive case (Counter-intuitive case denoted by bold)

1 4

A (0.9,0.2,0.3) <0 9,0.2,0.3) <0 8,0.3,0.2) (0.8,0.3,0.2)
0.7,0.1,0.2) (0.7,0.1,0.2) (0.7,0.1,0.2) 0.7,0.1,0.2)

B; (0.7,0.2,0.5) (1.0,0.3,0.1) (0.7,0.3,0.2) (0.9,0.2,0.1)
(0.6,0.2,0.4) (0.6,0.3,0.3) (0.6,0.2,0.3) (0.8,0.2,0.3)

dp (Broumi and Smarandache 2013a) 0.200 0.200 0.100 0.100

dyy (Majumdar 2015) 0.133 0.133 0.067 0.100

dyE (Majumdar 2015) 0.153 0.141 0.092 0.092

ds, (Shahzadi et al. 2017) 0.279 0.279 0.192 0.223

ds, (Shahzadi et al. 2017) 0.205 0.205 0.192 0.223

ds, (Shahzadi et al. 2017) 0.133 0.133 0.067 0.100

ds, (Shahzadi et al. 2017) 0.160 0.160 0.087 0.125

dcs, (Ye 2015a) 0.049 0.049 0.012 0.012

dcs, (Ye 2015a) 0.022 0.022 0.007 0.012

dr, (Ye and Fu 2016) 0.158 0.158 0.079 0.079

dr, (Ye and Fu 2016) 0.105 0.105 0.159 0.240

dg 0.252 0.283 0.164 0.254

4.1 Numerical comparisons Step 2. Select the smallest d(Pj,, S) from d(P;, S) (j =

Example 1 Let A, B be single valued neutrosophic sets on X,
the results of the proposed distance measure compared with
some existing distance measures are shown in Table 1.

For the results of Table 1, by comparing Ay, A> and
B, Bo, when Ay = A,, By # By, we can see that
the distance dy (Broumi and Smarandache 2013a), dy g
(Majumdar 2015), ds,, ds,, ds, and dgs, (Shahzadi et al.
2017), dcs, and dcs, (Ye 2015a), dr, and dr, (Ye and Fu
2016) inconsistent with our intuition. Similarity, by compar-
ing A3, A4 and B3, B4, we can see that the distance measures
dy (Broumi and Smarandache 2013a), dyr (Majumdar
2015), ds, (Shahzadi et al. 2017), dcs, (Ye 2015a) and dr,
(Ye and Fu 2016) inconsistent with our intuition. Obviously,
the proposed distance is not exist counter-intuitive cases. The
results show that the most effective method is our proposed
the new distance.

4.2 Algorithm and applications
4.2.1 Algorithm for pattern recognition

Given universe X = {x1,x2,...,X,}, m patterns P; =
{{tp; (xi), ip; (xi), fp;(xi))lxi € X} (j = 1,2,...,m) and
a text sample § = {(ts(x;), is(x;), fs(xi))|x; € X}. Which
pattern does S belong to? The recognition process is as fol-
lows:

Step 1. Compute the distance measure d(
1,2,...,m), between P; and §.

Pi,8) (j =

L,2,...,m),ie.,d(Pj, S) = lmm d(Pj, S) and then

<j<m

classify the test sample S to pattern Pj,.

Step 3. Compute the degree of confidence (DoC),
. m

DoCY = % |d(P;,S) — d(Pj,,S)| (Luo and

=1%o
Zhao 2018). If DoC U0 is greater, then the recognition
result using this distance is more believable.

4.2.2 Applications in pattern recognition

Example 2 (Garg Nancy 2017) Given patterns P;, P>, P3 and
the test sample S as presented in Table 2. Which pattern does
S belong to?

We obtain the classification results of the distances and the
confidence degree of each distance in Table 3. According
to Table 3, the results show that dg (P2, §) < dg(P3,S) <
dy(P1, S),i.e., the minimum distance is dg (P2, S). Thus, itis
shown that the test sample S belongs to P, where the result
is the same as Garg Nancy (2017). In addition, it is easy to
find that d, with the highest degree of confidence than the
remaining distances in Table 3. For the results of Table 3,
the distance d; not only can classify the test sample S to
pattern P> but also obtain a much higher degree of confi-
dence. Therefore, the distance d,, can be seen as a reasonable
application to pattern recognition.

Example 3 Given patterns Py, P,, P3 and the test sample S

as presented in Table 4. Which pattern does S belong to?
We obtain the classification results of the distances and

the confidence degree of each distance in Table 5. According

@ Springer
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Table 2 Patterns and test

sample M 2 - 4
Pattern P, (0.7,0.0,0.1) (0.6,0.1,0.2) (0.8,0.7,0.6) (0.5,0.2,0.3)
Pattern P, (0.4,0.2,0.3) (0.7, 0.1, 0.0) (0.1, 0.1, 0.6) (0.5,0.3,0.6)
Pattern P3 (0.5,0.2,0.2) (0.4,0.1,0.2) (0.1,0.1,0.4) (0.4,0.1,0.2)
Test sample (0.4,0.1,0.4) (0.6,0.1,0.1) (0.1, 0.0, 0.4) (0.4,0.4,0.7)
Table 3 The results of distance measure application in pattern recognition
Distances d(Py, S) d(Py, S) d(P3, S) Classification results DoC
dy (Broumi and Smarandache 2013a) 0.375 0.250 0.125 P 0.375
dyg (Majumdar 2015) 0.258 0.083 0.133 P 0.225
dy g (Majumdar 2015) 0.345 0.100 0.196 P 0.341
dcs, (Ye 2015a) 0.215 0.021 0.101 Py 0.274
dcs, (Ye 2015a) 0.116 0.007 0.030 P 0.132
dr, (Ye and Fu 2016) 0.314 0.099 0.202 P 0.318
dr, (Ye and Fu 2016) 0.146 0.066 0.106 Py 0.120
ds, (Shahzadi et al. 2017) 0.473 0.246 0.349 Py 0.330
ds, (Shahzadi et al. 2017) 0.415 0.233 0.390 Py 0.339
dg, (Shahzadi et al. 2017) 0.258 0.083 0.133 P, 0.225
ds, (Shahzadi et al. 2017) 0.365 0.132 0.246 P, 0.347
dy (Ye 2014b) 0.176 0.019 0.085 P, 0.223
dyg 0.243 0.080 0.321 P, 0.404

Table 4 Patterns and test sample

X1 X7 X3
Pattern P; (0.7,0.5,0.2) (0.8,0.3,0.5) (0.9,0.1,0.1)
Pattern P, (0.8,0.4,0.1) (0.5,0.3,0.5) (0.7,0.3,0.4)
Pattern P3 (0.5,0.4,0.3) (0.6, 0.4, 0.6) (0.6,0.2,0.1)
Test sample S (0.6,0.3,0.2) (0.7,0.2,0.6) (0.8,0.3,0.1)

to Table 5, dy (Broumi and Smarandache 2013a), dy g and
dy e (Majumdar 2015), ds, (Shahzadi et al. 2017), dcs, and
dcs, (Ye 2015a), d7, and dr, (Ye and Fu 2016) cannot be
determined the classification results. And the results show
that dg(P1, S) < dg(P3, S) < dg(P», S), i.e., the minimum
distance is dg (Py, S). Thus, it is shown that the test sample
S belongs to Pj. In addition, it is easy to find that d, with the
highest degree of confidence than ds, , ds, and dg, (Shahzadi
et al. 2017), dy (Ye 2014b). For the results of Table 5, the
distance d, not only can give correct classification results but
also obtain a much higher degree of confidence. Therefore,
the distance d, can be seen as a reasonable application to
pattern recognition.

4.2.3 Applications for medical diagnosis
Example 4 (Samuel and Narmadhagnanam 2018; Shahzadi

et al. 2017) Given three patients P = {Ali, Hamza, Imran},
five symptoms S = {Temperature, Insulin,Blood
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pressure, Blood plates, Cough} and three diseases D =
{Diabetes, Dengue, Tuberculosis}. The relation P — § and
D — § are shown in Tables 6 and 7, respectively. What kind
of disease could each patient suffer from?

The medical diagnostic results by the minimum distance
dg are shown in Table 8. Obviously, the first line shows Ali
suffering from Dengue, the second line shows Hamza suf-
fering from Diabetes , the third line shows Imran suffering
from Tuberculosis. By comparing, our results are the same
as Samuel and Narmadhagnanam (2018) and Shahzadi et al.
(2017) in Table 9. Further, the diagnostic results based on
the proposed distance are more believable than these diag-
nostic results in Samuel and Narmadhagnanam (2018) and
Shahzadi et al. (2017).

Example 5 (Garg Nancy 2017; Ye and Fu 2016) Given four
patients P = {p1, pa2, p3, pa}, five symptoms S =
{Temperature, Headache, Stomach pain, Cough, Chest
pain}, five possible diseases D = {Viral fever,Stenocardia,
Typhoid, Gastritis, Malaria}. The relation P — § and
D — § are shown in Table 10 and Table 11, respectively.
What kind of disease could each patient suffer from?

The medical diagnostic results by the minimum distance
dg are given in Table 12. Obviously, the first line shows pq,
p3 suffering from Viral fever, the second line shows p» suf-
fering from Malaria, the fourth line shows p4 suffering from
Stenocardia. In order to illustrate our results, we give a com-
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Table 5 The results of distance measure application in pattern recognition

Distances d(Py, S) d(P,, S) d(Ps, S) Classification results DoC
dp(Broumi and Smarandache 2013a) 0.167 0.233 0.167 Cannot be determined No
dyp (Majumdar 2015) 0.150 0.200 0.150 Cannot be determined No
dy g (Majumdar 2015) 0.147 0.191 0.147 Cannot be determined No
ds, (Shahzadi et al. 2017) 0.207 0.267 0.219 Py 0.072
ds, (Shahzadi et al. 2017) 0.205 0.267 0.214 Py 0.071
ds, (Shahzadi et al. 2017) 0.100 0.133 0.100 Cannot be determined No
ds, (Shahzadi et al. 2017) 0.114 0.154 0.122 Py 0.048
dcs, (Ye 2015a) 0.037 0.069 0.037 Cannot be determined No
dcs, (Ye 2015a) 0.012 0.022 0.012 Cannot be determined No
dr, (Ye and Fu 2016) 0.132 0.186 0.132 Cannot be determined No
dr, (Ye and Fu 2016) 0.079 0.105 0.079 Cannot be determined No
dy (Ye 2014b) 0.030 0.020 0.035 P 0.015
dyg 0.090 0.175 0.142 P 0.137
Table 6 Ch{nacteristic valued Temperature Insulin Blood pressure Blood plates Cough
between patients and symptoms

Ali (0.8,0.1,0.1) (0.2,0.2,0.6) (0.4,0.2,0.4) (0.8,0.1,0.1) (0.3,0.3,0.4)

Hamza (0.6,0.2,0.2) (0.9,0.0,0.1) (0.1,0.1,0.8) (0.2,0.1,0.7) (0.5,0.1,0.4)

Imran (0.4,0.2,0.4) (0.2,0.1,0.7) (0.1,0.2,0.7) (0.3,0.1, 0.6) (0.8, 0.0,0.2)
;Z:D\:/eeZn c(l.:il;:zztseerlirls(tiics;r?ll;)lte()ins Temperature Insulin Blood pressure Blood plates Cough

Diabetes (0.2,0.0,0.8) (0.9,0.0,0.1) (0.1,0.1,0.8) (0.1,0.1,0.8) (0.1,0.1,0.8)

Dengue (0.9,0.0,0.1) (0.0,0.2,0.8) (0.8,0.1,0.1) (0.9,0.0,0.1) (0.1,0.1,0.8)

Tuberculosis (0.6,0.2,0.2) (0.0,0.1,0.9) (0.4,0.2,0.4) (0.0,0.2,0.8) (0.9,0.0,0.1)
Table 8 Diagnosi§ results based Diabetes Dengue Tuberculosis Diagnosis result DoC
on the proposed distance

Ali 0.296 0.179 0.246 Dengue 0.184

Hamza 0.185 0.281 0.238 Diabetes 0.149

Imran 0.244 0.258 0.174 Tuberculosis 0.154
Table 9 Comparative results

Ali (DoC) Hamza (DoC) Imran (DoC)

The result in Samuel and Narmadhagnanam (2018) Dengue (0.174) Diabetes (0.145) Tuberculosis (0.137)
The result in Shahzadi et al. (2017) Dengue (0.167) Diabetes (0.133) Tuberculosis (0.146)
Our result Dengue (0.184) Diabetes (0.149) Tuberculosis (0.154)
;Z?\:/ee::g pact?:rf?scilrciisg;n\llgizﬁq Temperature Headache Stomach pain Cough Chest pain

Pl (0.8,0.2,0.1) (0.6,0.3,0.1) (0.2,0.1,0.8) (0.6,0.5,0.1) (0.1, 0.4, 0.6)

P2 (0.6,0.6,0.1) (0.1,0.2, 0.6) (0.3,0.2,0.8) (0.6,0.2,0.3) (0.2,0.3,0.7)

P3 (0.3,0.1,0.2) (0.3,0.2,0.2) (0.7,0.6,0.7) (0.3,0.2,0.2) (0.4,0.4,0.3)

P4 (0.2,0.1,0.7) (0.2,0.3,0.7) (0.2,0.2,0.7) (0.2,0.1,0.8) (0.8,0.2,0.1)
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Table 11 Characteristic valued

between diseases and symptoms Temperature Headache Stomach pain Cough Chest pain
Viral fever (0.4, 0.6, 0.0) (0.3,0.2,0.5) (0.1,0.3,0.7) (0.4,0.3,0.3) (0.1,0.2,0.7)
Malaria (0.7,0.3,0.0) (0.2,0.2,0.6) (0.0,0.1,0.9) (0.7,0.3,0.0) (0.1,0.1,0.8)
Typhoid (0.3,0.4,0.3) (0.6,0.3,0.1) (0.2,0.1,0.7) (0.2,0.2,0.6) (0.1,0.0,0.9)
Gastritis (0.1,0.2,0.7) (0.2,0.4,0.4) (0.8,0.2,0.0) (0.2,0.1,0.7) (0.2,0.1,0.7)
Stenocardia (0.1,0.1,0.8) (0.0,0.2,0.8) (0.2,0.0,0.8) (0.2,0.0,0.8) (0.8,0.1,0.1)
Table 12 Diagnosis resglts Viral fever =~ Malaria ~ Typhoid Gastritis Stenocardia  Diagnosis results DoC
based on the proposed distance
P1 0.177 0.191 0.206 0.262 0.264 Viral fever 0.215
P2 0.150 0.135 0.174 0.239 0.238 Malaria 0.261
P3 0.212 0.256 0.241 0.232 0.245 Viral fever 0.126
pa 0.256 0.263 0.246 0.226 0.205 Stenocardia 0.171
Table 13 Comparative results
p1(DoC) p2(DoC) p3(DoC) pa(DoC)
The result in Garg Nancy (2017) (t = 3) Viral fever (0.187) Malaria (0.224) Viral fever (0.107) Stenocardia (0.153)
The result in Ye and Fu (2016) Viral fever (0.169) Malaria (0.194) Viral fever (0.116) Stenocardia (0.147)
Our result Viral fever (0.215) Malaria (0.267) Viral fever (0.126) Stenocardia (0.171)

parison with the exist study in Table 13. By comparing with
Table 13, we can easily see that p;, p3 suffering from Viral
fever, p» suffers from Malaria and p4 suffering from Steno-
cardia the same as Garg Nancy (2017) and Ye and Fu (2016).
Further, the diagnostic results based on the proposed dis-
tance are more believable than these diagnostic results in
Garg Nancy (2017) and Ye and Fu (2016).

5 Conclusions

Although many distance between SV NSs have been pre-
sented to handle uncertainty and inconsistency in various
fields, most of them exist counter-intuitive cases. In this
paper, we present a new distance between single valued neu-
trosophic sets, which overcomes the counter-intuitive cases
of the existing distances. Furthermore, we applied the pro-
posed distance in pattern recognition and medical diagnosis.
Obviously, experimental results show, the proposed distance
not only can be accurately classified test sample to pattern
but also obtain a much higher degree of confidence. In the
future, we will consider the distance based on different binary
functions and matrix norms. And we will apply the distance
measure to other fields, such as the multi-attribute decision
making, clustering analysis.
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