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Abstract In recent years, soft sets and neutrosophic sets

have become a subject of great interest for researchers and

have been widely studied based on decision-making

problems. In this paper, we propose a new concept of the

soft sets that is called interval-valued neutrosophic

parameterized interval-valued neutrosophic soft sets (ivn-

pivn-soft sets). It is a generalization of the other soft sets

such as fuzzy soft sets, intuitionistic fuzzy soft sets, neu-

trosophic soft sets, fuzzy parameterized soft sets, intu-

itionistic fuzzy parameterized soft sets, neutrosophic

parameterized neutrosophic soft sets. Also, we proposed

ivnpivn-soft matrices which are representative of the ivn-

pivn-soft sets. We then developed a decision-making

method on the ivnpivn-soft sets and ivnpivn-soft matrices.

Then, we proposed a numerical example to verify validity

and feasibility of the developed method. Finally, the pro-

posed method is compared with several different methods

to verify its feasibility.

Keywords Soft sets � Neutrosophic sets � ivnpivn-soft
sets � ivnpivn-soft matrices � Decision-making

1 Introduction

Smarandache [31, 32] introduced the notation of neutro-

sophic set to reflect the truth, indeterminate and false

information simultaneously in real problems. Additionally,

since neutrosophic sets were difficult to be applied in

practical problems, single-valued neutrosophic sets which

are an extension of intuitionistic fuzzy sets [4] and fuzzy

sets [40] are introduced by Wang et al. [38]. The theory is

characterized by a truth-membership, indeterminacy-

membership and falsity-membership that describe by crisp

numbers in real numbers. Then, interval neutrosophic sets

defined by Wang et al. [37] which can be described by

three real unit interval in [0, 1]. However, because of the

ambiguity and complexity of in the real world, it is difficult

for decision-makers to precisely express their preference

by using these sets. Therefore, Molodtsov developed the

concept of soft sets by using parameter set for the inade-

quacy of the parameterization tool of the theories. In the

literature, many conclusions and propositions are obtained

to use in decision-making problems; some of them are

given in [1–3, 20, 29, 34–36, 39, 41].

After Molodtsov, many researchers combines the soft

sets with the fuzzy sets, intuitionistic fuzzy sets, interval-

valued fuzzy sets and neutrosophic sets. For example,

fuzzy soft sets [22], fuzzy parameterized soft sets [6, 8, 9],

intuitionistic fuzzy soft sets [7, 23], intuitionistic fuzzy

parameterized soft sets [12], interval-valued intuitionistic

fuzzy parameterized soft sets [13], intuitionistic fuzzy

parameterized fuzzy soft sets [16], neutrosophic soft sets

[11, 21], interval-valued neutrosophic soft sets [14], inter-

val-valued neutrosophic parameterized soft sets [10] and

neutrosophic parameterized neutrosophic soft sets [15]

have been studied by researchers. In these set theories,

many conclusions and propositions are obtained to use in
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decision-making problems; some of them are given in

[7, 11, 18, 26, 30, 33].

In this paper, we define a kind of soft sets called inter-

val-valued neutrosophic parameterized interval-valued

neutrosophic soft sets (ivnpivn-soft sets) which is gener-

alization of npn-soft set [15]. The rest of paper is organized

as follows. In Sect. 2, we review basic notions about

neutrosophic sets, interval-valued neutrosophic sets, soft

sets and neutrosophic parameterized neutrosophic soft sets.

In Sect. 3, ivnpivn-soft sets and their operations are given.

In Sect. 4, ivnpivn-soft matrices which are representative

of the ivnpivn-soft sets have been introduced. In Sect. 5, we

proposed a similarity measure and distance measures on

ivnpivn-soft sets. In Sect. 6, we developed a decision-

making method for ivnpivn-soft sets and give two illus-

trative example. In Sect. 7, the proposed method is com-

pared with several extant methods to verify its feasibility.

Finally, the conclusions are drawn.

2 Preliminary

In this section, we give the basic definitions and results of

neutrosophic sets [31, 38], interval-valued neutrosophic

sets [37], soft sets [28] and neutrosophic parameterized

neutrosophic soft sets [15].

Definition 1 [38] Let U be a universe. A neutrosophic set

eA in U is characterized by a truth-membership function T
eA
,

an indeterminacy-membership function I
eA

and a falsity-

membership function F
eA
. T
eA
ðuÞ; I

eA
ðuÞ and F

eA
ðuÞ are real

standard or nonstandard element of �½0; 1�þ. It can be

written as

eA ¼ hu; ðT
eA
ðuÞ; I

eA
ðuÞ;F

eA
ðuÞÞi : u 2 U

n o

There is no restriction on the sum of T
eA
ðuÞ; I

eA
ðuÞ and

F
eA
ðuÞ, so �0� T

eA
ðuÞ þ I

eA
ðuÞ þ F

eA
ðuÞ� 3þ.

Example 1 Suppose that the universe of discourse

U ¼ fu1; u2; u3g. It may be further assumed that the values

of u1, u2 and u3 are in �½0; 1�þ. Then, eA is a neutrosophic

set of U, such that,

eA ¼ hu1; ð0:5; 0:6; 0:9Þi; hu2; ð0:4; 0:2; 0:7Þi; hu3; ð0:8; 0:3; 0:6Þif g

Definition 2 [37] Let U be a universe. An interval value

neutrosophic set A in U is characterized by truth-mem-

bership function TA, a indeterminacy-membership function

IA and a falsity-membership function FA. For each point

u 2 U; TA, IA and FA � ½0; 1�.
Thus, an interval value neutrosophic set A over U can be

represented by

A ¼ fhTAðuÞ; IAðuÞ;FAðuÞi=u : u 2 Ug

Here, ðTAðuÞ; IAðuÞ;FAðuÞÞ is called interval value neutro-

sophic number for all u 2 U and all interval value neu-

trosophic numbers over U will be denoted by IVN(U).

Example 2 Suppose that the universe of discourse U ¼
fu1; u2g where u1 and characterizes the quality, u2 indi-

cates the prices of the objects. It may be further assumed

that the values of u1 and u2 are subset of [ 0, 1 ] and they

are obtained from a expert person. The expert construct an

interval value neutrosophic set the characteristics of the

objects as follows;

A ¼ fh½0:1; 1:0�; ½0:1; 0:4�; ½0:4; 0:7�i=u1; h½0:6; 0:9�;
½0:8; 1:0�; ½0:4; 0:6�i=u2g

Definition 3 [37] Let A and B be two interval-valued

neutrosophic sets. Then, for all u 2 U,

1. A is empty, denoted by A ¼ b;, and is defined by

b; ¼ fh½0; 0�; ½1; 1�; ½1; 1�i=u : u 2 Ug
2. A is universal, denoted by A ¼ bX , and is defined by

bX ¼ fh½1; 1�; ½0; 0�; ½0; 0�i=u : u 2 Ug
3. The complement of A, denoted by Ac, is defined by

Abc ¼ fh½infFAðuÞ; supFAðuÞ�; ½1� supIAðuÞ; 1� infIAðuÞ�;
½infTAðuÞ; supTAðuÞ�i=u : u 2 Ug

4. A b�B , ½infTAðuÞ� infTBðuÞ; supTAðuÞ� supTBðuÞ;
infIAðuÞ� infIBðuÞ; supIAðuÞ� supIBðuÞ; infFAðuÞ�
infFBðuÞ; supFAðuÞ� supFBðuÞ�.

5. Intersection of A and B, denoted by A b\ B, is defined

by

A b\B¼fh½minðinfTAðuÞ; infTBðuÞÞ;minðsupTAðuÞ; supTBðuÞÞ�;
½maxðinfIAðuÞ; infIBðuÞÞ;maxðsupIAðxÞ; supIBðuÞÞ�;
½maxðinfFAðuÞ; infFBðuÞÞ;maxðsupFAðuÞ; supFBðuÞÞ�i
=u : u 2 Ug

6. Union of A and B, denoted by A b[ B, is defined by

A b[B¼fh½maxðinfTAðuÞ;infTBðuÞÞ;maxðsupTAðuÞ;supTBðuÞÞ�;
½minðinfIAðuÞ;infIBðuÞÞ;minðsupIAðuÞ;supIBðuÞÞ�;
½minðinfFAðuÞ;infFBðuÞÞ;minðsupFAðuÞ;supFBðuÞÞ�i
=u :u2Ug

Definition 4 [17] t-norms are associative, monotonic and

commutative two valued functions t that map from ½0; 1� �
½0; 1� into [0, 1]. These properties are formulated with the

following conditions: 8a; b; c; d 2 ½0; 1�;

1. tð0; 0Þ ¼ 0 and tða; 1Þ ¼ tð1; aÞ ¼ a;
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2. If a� c and b� d, then tða; bÞ� tðc; dÞ
3. tða; bÞ ¼ tðb; aÞ
4. tða; tðb; cÞÞ ¼ tðtða; bÞ; cÞ

Definition 5 [17] t-conorms (s-norm) are associative,

monotonic and commutative two placed functions s which

map from ½0; 1� � ½0; 1� into [0, 1]. These properties are

formulated with the following conditions: 8a; b; c; d
2 ½0; 1�;

1. sð1; 1Þ ¼ 1 and sða; 0Þ ¼ sð0; aÞ ¼ a;

2. if a� c and b� d, then sða; bÞ� sðc; dÞ
3. sða; bÞ ¼ sðb; aÞ
4. sða; sðb; cÞÞ ¼ sðsða; bÞ; cÞ

Definition 6 [28] Let U be a universe, X be a set of

parameters that are describe the elements of U and P(U) be

the power set of U. Then, a soft set f over U is a function

defined by

f : X ! PðUÞ

In other words, the soft set is a parameterized family of

subsets of the set U. A soft set over U can be represented

by the set of ordered pairs

f ¼ fðx; f ðxÞÞ : x 2 Xg

Example 3 Suppose that U ¼ fu1; u2; u3; u4; u5; u6g is the

universe contains six house under consideration in a real

agent and X ¼ fx1 ¼ cheap; x2 ¼ beatiful; x3 ¼ green

surroundings; x4 ¼ costly; x5 ¼ largeg.
If a customer to select a house from the real agent, then

he/she can construct a soft set f that describes the

characteristic of houses according to own requests. Assume

that f ðx1Þ ¼ fu1; u2g, f ðx2Þ ¼ fu1g, f ðx3Þ ¼ ;, f ðx4Þ ¼ U,

fu1; u2; u3; u4; u5g then the soft set f is written by

f ¼ fðx1; fu1; u2gÞ; ðx2; fu1; u4; u5; u6gÞ; ðx4;UÞ;
ðx5; fu1; u2; u3; u4; u5gÞg

Definition 7 [28] Let f and g be two soft sets over

U. Then,

1. f is called an empty soft set, denoted by UX , if f ðxÞ ¼
;; for all x 2 X.

2. f is called a universal soft set, denoted by f
eX
, if

f ðxÞ ¼ U, for all x 2 X.

3. Im fð Þ ¼ f ðxÞ : x 2 Xf g is called image of f.

4. f is a soft subset of g, denoted by f � g, if f ðxÞ � gðxÞ
for all x 2 X.

5. f and g are soft equal, denoted by f ¼ g, if and only if

f ðxÞ ¼ gðxÞ for all x 2 X.

6. ðf [ gÞðxÞ ¼ f ðxÞ [ gðxÞforallx 2 X is called union of

f and g.

7. ðf \ gÞðxÞ ¼ f ðxÞ \ gðxÞforallx 2 X is called intersec-

tion of f and g.

8. f cðxÞ ¼ U n f ðxÞforallx 2 X is called complement of f.

Definition 8 [15] Let U be a universe, N(U) be the set of

all neutrosophic sets on U, X be a set of parameters that

describe the elements of U and K be a neutrosophic set over

X. Then, a neutrosophic parameterized neutrosophic soft

set (npn-soft set) N over U is a set defined by a set valued

function fN representing a mapping

fN : K ! NðUÞ

where fN is called approximate function of the npn-soft set

N. For x 2 X, the set fNðxÞ is called x-approximation of the

npn-soft set N which may be arbitrary; some of them may

be empty and some may have a nonempty intersection. It

can be written a set of ordered pairs,

N ¼
�

ð\x; TNðxÞ; INðxÞ;FNðxÞ[ ; f\u; TfN ðxÞðuÞ;
fN ðxÞðuÞ;FfN ðxÞðuÞ[ : u 2 UgÞ : x 2 X

�

where

FNðxÞ; INðxÞ; TNðxÞ; TfN ðxÞðuÞ; IfN ðxÞðuÞ;FfNðxÞðuÞ 2 ½0; 1�

Example 4 Let U ¼ fu1; u2; u3; u4g, X ¼ fx1; x2g. N be a

npn-soft sets as

N ¼
�

ðhx1; ð0:1; 0:2; 0:3Þi; fhu1; ð0:4; 0:6; 0:6Þi;

hu2; ð0:6; 0:0; 0:1Þi; hu3; ð0:3; 0:4; 0:4Þi;
hu4; ð0:5; 0:6; 0:2ÞigÞ; ðhx2; ð0:9; 0:1; 0:5Þi;
hu1; ð0:3; 0:8; 0:6Þi; hu2; ð0:7; 0:6; 0:5Þi;

hu3; ð0:6; 0:6; 0:9Þi; hu4; ð0:4; 0:1; 0:5Þi; gÞ
�

Definition 9 [15] Let N, N1 and N2 be three npn-soft sets.

Then,

1. Complement of an npn-soft set N, denoted by N ~c, is

defined by

N ~c ¼
�

ðhx;FNðxÞ; 1� INðxÞ; TNðxÞi; fhu;FfN ðxÞðuÞ;
1� IfN ðxÞðuÞ; TfNðxÞðuÞi : u 2 UgÞ : x 2 X

�

2. Union of N1 and N2, denoted by N3 ¼ N1 ~[N2, is

defined by

N3 ¼
�

ðhx; TN3
ðxÞ; IN3

ðxÞ;FN3
ðxÞi; fhu; TfN3ðxÞ ðuÞ;

IfN3ðxÞ ðuÞ;FfN3ðxÞ
ðuÞi : u 2 UgÞ : x 2 Xg
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where

TN3
ðxÞ ¼ sðTN1

ðxÞ;TN2
ðxÞÞ; TfN3ðxÞ ðuÞ ¼ sðTfN1ðxÞ ðuÞ;TfN2ðxÞ ðuÞÞ;

IN3
ðxÞ ¼ tðIN1

ðxÞ; IN2
ðxÞÞ; IfN3ðxÞ ðuÞ ¼ tðIfN1ðxÞ ðuÞ; IfN2ðxÞ ðuÞÞ;

FN3
ðxÞ ¼ tðFN1

ðxÞ;FN2
ðxÞÞ; FfN3ðxÞ

ðuÞ ¼ tðFfN1ðxÞ
ðuÞ;FfN2ðxÞ

ðuÞÞ

3. Intersection of N1 and N2, denoted by N4 ¼ N1 ~\N2, is

defined by

N4¼
�

ðhx;TN4
ðxÞ;IN4

ðxÞ;FN4
ðxÞi;fhu;TfN4ðxÞ ðuÞ;IfN4ðxÞ ðuÞ;

FfN4ðxÞ
ðuÞi :u2UgÞ : x2Xg

where

TN4
ðxÞ¼ tðTN1

ðxÞ;TN2
ðxÞÞ; TfN4ðxÞ ðuÞ¼ tðTfN1ðxÞ ðuÞ;TfN2ðxÞ ðuÞÞ;

IN4
ðxÞ¼ sðIN1

ðxÞ;IN2
ðxÞÞ; IfN4ðxÞ ðuÞ¼ sðIfN1ðxÞ ðuÞ;IfN2ðxÞ ðuÞÞ;

FN4
ðxÞ¼ sðFN1

ðxÞ;FN2
ðxÞÞ; FfN4ðxÞ

ðuÞ¼ sðFfN1ðxÞ
ðuÞ;FfN2ðxÞ

ðuÞÞ

3 ivnpivn-soft sets

In this section, we present concept of ‘‘interval-valued

neutrosophic parameterized interval-valued neutrosophic

soft sets’’ is abbreviated as ‘‘ivnpivn-soft sets’’. Then, we

introduce some definitions and operations on ivnpivn-soft

set and some properties of the sets which are connected to

operations have been established.

In the following, some definitions and operations are

defined on npn-soft set in [15] and on interval-valued

neutrosophic soft set in [14] and we extended these defi-

nitions and operations to ivnpivn-soft sets.

Definition 10 Let U be a universe, IVN(U) be a set of all

interval-valued neutrosophic sets over U, X be a set of

parameters that are describe the elements of U and K be a

interval-valued neutrosophic set over X. Then, an ivnpivn-

soft set F over U is a set defined by a set valued function

f representing a mapping

f : K ! IVNðUÞ

where f is called approximate function of the ivnpivn-

soft set F . For x 2 X, the set f(x) is called x-approxi-

mation of the ivnpivn-soft set F which may be arbitrary;

some of them may be empty and some may have a

nonempty intersection. It can be written a set of ordered

pairs,

F ¼
�

ðhx; TF ðxÞ; IF ðxÞ;FF ðxÞi; fhTfF ðxÞðuÞ; IfF ðxÞðuÞ;
FfF ðxÞðuÞi=u : u 2 UgÞ : x 2 X

�

where

TF ðxÞ;FF ðxÞ; IF ðxÞ; TfF ðxÞðuÞ; IfF ðxÞðuÞ;FfF ðxÞðuÞ � ½0; 1�

and

TF ðxÞ ¼ ½infTF ðxÞ; supTF ðxÞ�;
IF ðxÞ ¼ ½infIF ðxÞ; supIF ðxÞ�;
FF ðxÞ ¼ ½infFF ðxÞ; supFF ðxÞ�;
TfF ðxÞðuÞ ¼ ½infTfF ðxÞðuÞ; supTfF ðxÞðuÞ�;
IfF ðxÞðuÞ ¼ ½infIfF ðxÞðuÞ; supIfF ðxÞðuÞ�;
FfF ðxÞðuÞ ¼ ½infFfF ðxÞðuÞ; supFfF ðxÞðuÞ�

From now on, the set of all ivnpivn-soft sets over U will

be denoted by eF .

Example 5 Assume that U ¼ fu1; u2; u3g and

X ¼ fx1; x2; x3g, then an ivnpivn-soft set can be written as

F ¼
�

ðhx1; ½0:3; 0:4�; ½0:5; 0:6�; ½0:4; 0:5�i; fh½0:5; 0:6�;
½0:6; 0:7�; ½0:3; 0:4�i=u1; h½0:4; 0:5�; ½0:7; 0:8�; ½0:2; 0:3�i=u2;
h½0:6; 0:7�; ½0:2; 0:3�; ½0:3; 0:5�i=u3gÞ; ðhx2; ½0:1; 0:2�; ½0:3; 0:4�;
½0:6; 0:7�i; fh½0:7; 0:8�; ½0:3; 0:4�; ½0:2; 0:4�i=u1; h½0:8; 0:4�;
½0:2; 0:6�; ½0:3; 0:4�i=u2; h½0:4; 0:5�; ½0:1; 0:3�; ½0:2; 0:4�i=u3gÞ;
ðhx3; ½0:2; 0:4�; ½0:4; 0:5�; ½0:4; 0:6�i; fh½0:2; 0:3�; ½0:1; 0:4�;
½0:3; 0:6�i=u1; h½0:2; 0:5�; ½0:1; 0:6�; ½0:5; 0:8�i=u2; h½0:3; 0:7�;
½0:1; 0:3�; ½0:6; 0:7�i=u3gÞ

�

Definition 11 Let F 2 eF . Then, F is called

1. An empty ivnpivn-soft set, denoted by O, is defined as:

O ¼
�

ðhx; ½0; 0�; ½1; 1�; ½1; 1�i; fh½0; 0�; ½1; 1�; ½1; 1�i
=u : u 2 UgÞ : x 2 X

�

2. a universal ivnpivn-soft set, denoted by U,
U ¼

�

ðhx; ½1; 1�; ½0; 0�; ½0; 0�i; fh½1; 1�; ½0; 0�; ½0; 0�i
=u : u 2 UgÞ : x 2 X

�

Definition 12 Let F ;F 1;F 2 2 eF . Then,

1. F 1 is a sub�ivnpivn-soft set of F 2, denoted by

F 1
e�F 2, if and only if

infTF 1
ðxÞ� infTF 2

ðxÞ; supTF 1
ðxÞ� supTF 2

ðxÞ;
infIF 1

ðxÞ� infIF 2
ðxÞ; supIF 1

ðxÞ� supIF 2
ðxÞ;

infFF 1
ðxÞ� infFF 2

ðxÞ; supFF 1
ðxÞ� supFF 2

ðxÞ;
infTfF1ðxÞ

ðuÞ� infTfF2ðxÞ
ðuÞ; supTfF1ðxÞ

ðuÞ� supTfF2ðxÞ
ðuÞ;

infIfF1ðxÞ
ðuÞ� infIfF2ðxÞ

ðuÞ; supIfF1ðxÞ
ðuÞ� supIfF2ðxÞ

ðuÞ;
infFfF1ðxÞ

ðuÞ� infFfF2ðxÞ
ðuÞ; supFfF1ðxÞ

ðuÞ� supFfF2ðxÞ
ðuÞ:

2. Complement of F , denoted by Fec , is defined by

Fec ¼
�

ðhx;FF ðxÞ; 1� IF ðxÞ;TF ðxÞi; fhFfF ðxÞðuÞ;
1� IfF ðxÞðuÞ; TfF ðxÞðuÞi=u : u 2 UgÞ : x 2 X

�
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where

TF ðxÞ ¼ ½infTF ðxÞ; supTF ðxÞ�;
1� IF ðxÞ ¼ ½1� supIF ðxÞ; 1� infIF ðxÞ�;
FF ðxÞ ¼ ½infFF ðxÞ; supFF ðxÞ�;
TfF ðxÞðuÞ ¼ ½infTfF ðxÞðuÞ; supTfF ðxÞðuÞ�;
1� IfF ðxÞðuÞ ¼ ½1� supIfF ðxÞðuÞ; 1� infIfF ðxÞðuÞ�;
FfF ðxÞðuÞ ¼ ½infFfF ðxÞðuÞ; supFfF ðxÞðuÞ�:

3. Union of F 1 and F 2, denoted by F 3 ¼ F 1 ~[F 2, is

defined by

F 3 ¼
�

ðhx; TF 3
ðxÞ; IF 3

ðxÞ;FF 3
ðxÞi; fhTfF3ðxÞ

ðuÞ;
IfF3ðxÞ

ðuÞ;FfF3ðxÞ
ðuÞi=u : x 2 UgÞ : x 2 Xg

where

TF 3
ðxÞ ¼ ½sðinfTF 1

ðxÞ; infTF 2
ðxÞÞ; sðsupTF 1

ðxÞ; supTF 2
ðxÞÞ�;

IF 3
ðxÞ ¼ ½tðinfIF 1

ðxÞ; infIF 2
ðxÞÞ; tðsupIF 1

ðxÞ; supIF 2
ðxÞÞ�;

FF 3
ðxÞ ¼ ½tðinfFF 1

ðxÞ; infFF 2
ðxÞÞ; tðsupFF 1

ðxÞ; supFF 2
ðxÞÞ�;

TfF3ðxÞ
ðuÞ ¼ ½sðinfTfF1ðxÞ

ðuÞ; infTfF2ðxÞ
ðuÞÞ;

sðsupTfF1ðxÞ
ðuÞ; supTfF2ðxÞ

ðuÞÞ�;
IfF3ðxÞ

ðuÞ ¼ ½tðinfIfF1ðxÞ
ðuÞ; infIfF2ðxÞ

ðuÞÞ; tðsupIfF1ðxÞ
ðuÞ;

supIfF2ðxÞ
ðuÞÞ�;

FfF3ðxÞ
ðuÞ ¼ ½tðinfFfF1ðxÞ

ðuÞ; infFfF2ðxÞ
ðuÞÞ; tðsupFfF1ðxÞ

ðuÞ;
supFfF2ðxÞ

ðuÞÞ�:

4. Intersection of F 1 and F 2, denoted by F 4 ¼ F 1 ~\F 2,

is defined by

F 4 ¼
�

ðhx; TF 4
ðxÞ; IF 4

ðxÞ;FF 4
ðxÞi; fhTfF4ðxÞ

ðuÞ;
IfF4ðxÞ

ðuÞ;FfF4ðxÞ
ðuÞi=u : x 2 UgÞ : x 2 Xg

where

TF 4
ðxÞ ¼ ½tðinfTF 1

ðxÞ; infTF 2
ðxÞÞ; tðsupTF 1

ðxÞ; supTF 2
ðxÞÞ�;

IF 4
ðxÞ ¼ ½sðinfIF 1

ðxÞ; infIF 2
ðxÞÞ; sðsupIF 1

ðxÞ; supIF 2
ðxÞÞ�;

FF 4
ðxÞ ¼ ½sðinfFF 1

ðxÞ; infFF 2
ðxÞÞ; sðsupFF 1

ðxÞ; supFF 2
ðxÞÞ�;

TfF4ðxÞ
ðuÞ ¼ ½tðinfTfF1ðxÞ

ðuÞ; infTfF2ðxÞ
ðuÞÞ; tðsupTfF1ðxÞ

ðuÞ;
supTfF2ðxÞ

ðuÞÞ�;
IfF4ðxÞ

ðuÞ ¼ ½sðinfIfF1ðxÞ
ðuÞ; infIfF2ðxÞ

ðuÞÞ; sðsupIfF1ðxÞ
ðuÞ;

supIfF2ðxÞ
ðuÞÞ�;

FfF4ðxÞ
ðuÞ ¼ ½sðinfFfF1ðxÞ

ðuÞ; infFfF2ðxÞ
ðuÞÞ; sðsupFfF1ðxÞ

ðuÞ;
supFfF2ðxÞ

ðuÞÞ�:

Example 6 Let U ¼ fu1; u2; u3g, X ¼ fx1; x2; x3g, F 1 be

given as in Example 5 and F 2 be given as follows

F 2 ¼
�

ðhx1; ½0:6; 0:7�; ½0:2; 0:9�; ½0:7; 0:8�i; fh½0:1; 0:5�;

½0:7; 0:9�; ½0:4; 0:7�i=u1; h½0:1; 0:3�; ½0:2; 0:4�; ½0:8; 0:9�i=u2;
h½0:3; 0:5�; ½0:7; 0:9�; ½0:6; 0:7�i=u3gÞ; ðhx2; ½0:1; 0:4�;
½0:2; 0:4�; ½0:5; 0:8�i; fh½0:2; 0:3�; ½0:6; 0:8�; ½0:1; 0:2�i=u1;
h½0:5; 0:9�; ½0:4; 0:6�; ½0:7; 0:9�i=u2; h½0:1; 0:2�; ½0:3; 0:4�;
½0:5; 0:6�i=u3gÞ; ðhx3; ½0:3; 0:9�; ½0:5; 0:7�; ½0:3; 0:6�i;
fh½0:3; 0:5�; ½0:2; 0:6�; ½0:4; 0:8�i=u1;
h½0:3; 0:7�; ½0:2; 0:8�; ½0:6; 0:9�i=u2; h½0:4; 0:9�; ½0:2; 0:5�;

½0:6; 0:9�i=u3gÞ
�

Then,

ðF 1Þec ¼
�

ðhx1; ½0:4; 0:5�; ½0:5; 0:4�; ½0:3; 0:4�i; fh½0:3; 0:4�;

½0:4; 0:3�; ½0:5; 0:6�i=u1; h½0:2; 0:3�; ½0:3; 0:2�;
½0:4; 0:5�i=u2; h½0:3; 0:5�; ½0:8; 0:7�; ½0:6; 0:7�i=u3gÞ;
ðhx2; ½0:6; 0:7�; ½0:7; 0:6�; ½0:1; 0:2�i; fh½0:2; 0:4�;
½0:7; 0:6�; ½0:7; 0:8�i=u1; h½0:3; 0:4�; ½0:8; 0:4�;
½0:8; 0:4�i=u2; h½0:2; 0:4�; ½0:9; 0:7�; ½0:4; 0:5�i=u3gÞ;
ðhx3; ½0:4; 0:6�; ½0:6; 0:5�; ½0:2; 0:4�i; fh½0:3; 0:6�;
½0:9; 0:6�; ½0:2; 0:3�i=u1; h½0:5; 0:8�; ½0:9; 0:4�;

½0:2; 0:5�i=u2; h½0:6; 0:7�; ½0:9; 0:7�; ½0:3; 0:7�i=u3gÞ
�

Let us consider the t-norm minfa; bg and s-norm

maxfa; bg. Then,

F 1 e[ F 2 ¼
�

ðhx1; ½0:6; 0:7�; ½0:2; 0:6�; ½0:4; 0:5�i;

fh½0:5; 0:6�; ½0:6; 0:7�; ½0:3; 0:4�i=u1; h½0:4; 0:5�;
½0:2; 0:4�; ½0:2; 0:3�i=u2; h½0:6; 0:7�; ½0:2; 0:3�;
½0:3; 0:5�i=u3gÞ; ðhx2; ½0:1; 0:4�; ½0:2; 0:4�; ½0:5; 0:7�i;
fh½0:7; 0:8�; ½0:3; 0:4�; ½0:1; 0:2�i=u1; h½0:8; 0:9�;
½0:2; 0:6�; ½0:3; 0:4�i=u2; h½0:4; 0:5�; ½0:1; 0:3�;
½0:2; 0:4�i=u3gÞ; ðhx3; ½0:3; 0:9�; ½0:4; 0:5�; ½0:3; 0:6�i;
fh½0:3; 0:5�; ½0:1; 0:4�; ½0:3; 0:6�i=u1; h½0:3; 0:7�;
½0:1; 0:6�; ½0:5; 0:8�i=u2; h½0:4; 0:9�; ½0:1; 0:3�;

½0:6; 0:7�i=u3gÞ
�

and
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F 1 e\ F 2 ¼
�

ðhx1; ½0:3; 0:4�; ½0:5; 0:9�; ½0:7; 0:8�i; fh½0:1; 0:5�;

½0:7; 0:9�; ½0:4; 0:7�i=u1; h½0:1; 0:3�; ½0:7; 0:8�;
½0:8; 0:9�i=u2; h½0:3; 0:5�; ½0:7; 0:9�; ½0:6; 0:7�i=u3gÞ;
ðhx2; ½0:1; 0:2�; ½0:3; 0:4�; ½0:5; 0:8�i; fh½0:2; 0:3�;
½0:6; 0:8�; ½0:2; 0:4�i=u1; h½0:5; 0:4�; ½0:4; 0:6�;
½0:7; 0:9�i=u2; h½0:1; 0:2�; ½0:3; 0:4�; ½0:5; 0:6�i=u3gÞ;
ðhx3; ½0:2; 0:4�; ½0:5; 0:7�; ½0:4; 0:6�i; fh½0:2; 0:3�;
½0:2; 0:6�; ½0:4; 0:8�i=u1; h½0:2; 0:5�; ½0:2; 0:8�;

½0:6; 0:9�i=u2; h½0:3; 0:7�; ½0:2; 0:5�; ½0:6; 0:9�i=u3gÞ
�

Proposition 1 Let F 2 eF . Then,

1. ðFec
�

ec ¼ F
2. Oec ¼ U
3. F e� U
4. O e�F
5. F e�F

Proposition 2 Let F 1;F 2;F 3 2 eF . Then,

1. F 1
e�F 2 ^ F 2

e�F 3 ) F 1
e�F 3

2. F 1 ¼ F 2 ^ F 2 ¼ F 3 , F 1 ¼ F 3

3. F 1
e�F 2 ^ F 2

e�F 1 ) F 1 ¼ F 2

Proposition 3 Let F 1;F 2;F 3 2 eF . Then,

1. F 1 e[ F 1 ¼ F 1

2. F 1 e[ O ¼ F 1

3. F 1 e[ U ¼ U
4. F 1 e[ F 2 ¼ F 2 e[ F 1

5. ðF 1 e[ F 2Þ e[F 3 ¼ F 1 e[ ðF 2 e[F 3Þ

Proposition 4 Let F 1;F 2;F 3 2 eF . Then,

1. F 1 e\ F 1 ¼ F 1

2. F 1 e\ O ¼ O
3. F 1 e\ U ¼ F 1

4. F 1 e\ F 2 ¼ F 2 e\ F 1

5. ðF 1 e\ F 2Þ e\F 3 ¼ F 1 e\ ðF 2 e\F 3Þ

Proposition 5 Let F 1;F 2 2 eF . Then, De Morgan’s laws

are valid

1. ðF 1 e[ F 2Þec ¼ Fec1 e\ Fec2
2. ðF 1 e\ F 2Þec ¼ Fec1 e[ Fec2

Proposition 6 Let F 1;F 2;F 3 2 eF . Then,

1. F 1 e\ ðF 2 e[ F 3Þ ¼ ðF 1 e\ F 2Þ e[ ðF 1 e\ F 3Þ
2. F 1 e[ ðF 2 e\ F 3Þ ¼ ðF 1 e[ F 2Þ e\ ðF 1 e[ F 3Þ

4 ivnpivn-soft matrices

In this section, we presented ivnpivn-soft matrices which are

representative of the ivnpivn-soft sets. The matrix is useful

for storing an ivnpivn-soft sets in computer memory which

are very useful and applicable. In the following, some defi-

nitions and operations on npn-soft sets are defined in [15]; we

extend these definitions and operations to ivnpivn-soft sets.

Definition 13 Let U ¼ fu1; u2; . . .; umg, X ¼
fx1; x2; . . .; xng and

F ¼
�

ðhxi; TF ðxiÞ; IF ðxiÞ;FF ðxiÞi; fhTfF ðxiÞðujÞ; IfF ðxiÞðujÞ;
FfF ðxiÞðujÞi=uj : uj 2 UgÞ : xi 2 X

�

be an ivnpivn-soft set over U. Where

TF ðxiÞ ¼ ½infTF ðxiÞ; supTF ðxiÞ� � ½0; 1�;
IF ðxiÞ ¼ ½infIF ðxiÞ; supIF ðxiÞ� � ½0; 1�;
FF ðxiÞ ¼ ½infFF ðxiÞ; supFF ðxiÞ� � ½0; 1�;
TfF ðxiÞðujÞ ¼ ½infTfF ðxiÞðujÞ; supTfF ðxiÞðujÞ� � ½0; 1�;
IfF ðxiÞðujÞ ¼ ½infIfF ðxiÞðujÞ; supIfF ðxiÞðujÞ� � ½0; 1�;
FfF ðxiÞðujÞ ¼ ½infFfF ðxiÞðujÞ; supFfF ðxiÞðujÞ� � ½0; 1�:

If ai ¼ hTF ðxiÞ; IF ðxiÞ;FF ðxiÞi and Vij ¼ hTfF ðxiÞðujÞ; IfF
ðxiÞðujÞ;FfF ðxiÞðujÞi, then the F can be represented by a

matrix as in the following form

F½n� m� ¼

a1 V11 V12 � � � V1m

a2 V21 V22 � � � V2m

..

. ..
. ..

. . .
. ..

.

an Vn1 Vn2 � � � Vnm

2

6

6

6

6

4

3

7

7

7

7

5

which is called an n� m ivnpivn-soft matrix (or ivnpivns-

matrix) of the ivnpivn-soft set F over U.

According to this definition, an ivnpivn-soft set F is

uniquely characterized by matrix F½n� m�. Therefore, we
shall identify any ivnpivn-soft set with its ivnpivns-matrix

and use these two concepts as interchangeable.

From now on, the set of all n� m ivnpivns-matrix over

U will be denoted by eF n�m.

Example 7 Let U ¼ fu1; u2; u3g, X ¼ fx1; x2; x3g, F 1 be

given as in Example 5. Then, the ivnpivns-matrix of F 1 is

written by
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Definition 14 Let F½n� m� 2 eF n�m. Then, F½n� m� is
called

1. A zero ivnpivn-soft matrix, denoted by O½n� m�, if
ai ¼ h½0; 0�; ½1; 1�; ½1; 1�i and Vij ¼ h½0; 0�; ½1; 1�; ½1; 1�i
for i ¼ 1; 2; . . .;m and j ¼ 1; 2; . . .; n.

2. A universal ivnpivn-soft matrix, denoted by U½n� m�,
if ai ¼ h½1; 1�; ½0; 0�; ½0; 0�i and Vij ¼ h½1; 1�; ½0; 0�;
½0; 0�i for i ¼ 1; 2; . . .;m and j ¼ 1; 2; . . .; n.

Example 8 Let U ¼ fu1; u2; u3g, X ¼ fx1; x2; x3g. Then, a
zero ivnpivn-soft matrix is written by

and a universal ivnpivn-soft matrix is written by

Definition 15 Let F 1½n� m�;F 2½n� m� 2 eF n�m. Then

1. F 1½n� m� is a sub�ivnpivn-matrix of F 2½n� m�,
denoted by F 1½n� m� e�F 2½n� m�, if
infTF 1

ðxiÞ� infTF 2
ðxiÞ supTF 1

ðxiÞ� supTF 2
ðxiÞ

infIF 1
ðxiÞ� infIF 2

ðxiÞ supIF 1
ðxiÞ� supIF 2

ðxiÞ;
infFF 1

ðxiÞ� infFF 2
ðxiÞ supFF 1

ðxiÞ� supFF 2
ðxiÞ

infTfF1ðxiÞ
ðujÞ� infTfF2ðxiÞ

ðujÞ supTfF1ðxiÞ
ðujÞ� supTfF2ðxiÞ

ðujÞ;
infIfF1ðxiÞ

ðujÞ� infIfF2ðxiÞ
ðujÞ supIfF1ðxiÞ

ðujÞ� supIfF2ðxiÞ
ðujÞ;

infFfF1ðxiÞ
ðujÞ� infFfF2ðxiÞ

ðujÞ supFfF1ðxiÞ
ðujÞ� supFfF2ðxiÞ

ðujÞ:

for i ¼ 1; 2; . . .;m and j ¼ 1; 2; . . .; n.
2. F 1½n� m� is a proper sub�ivnpivn-matrix of

F 2½n� m�, denoted by F 1½n� m� e�F 2½n� m�, if

infTF 1
ðxiÞ\infTF 2

ðxiÞ supTF 1
ðxiÞ\supTF 2

ðxiÞ
infIF 1

ðxiÞ[ infIF 2
ðxiÞ supIF 1

ðxiÞ[ supIF 2
ðxiÞ;

infFF 1
ðxiÞ[ infFF 2

ðxiÞ supFF 1
ðxiÞ[ supFF 2

ðxiÞ
infTfF1ðxiÞ

ðujÞ\infTfF2ðxiÞ
ðujÞ supTfF1ðxiÞ

ðujÞ\supTfF2ðxiÞ
ðujÞ;

infIfF1ðxiÞ
ðujÞ[ infIfF2ðxiÞ

ðujÞ supIfF1ðxiÞ
ðujÞ[ supIfF2ðxiÞ

ðujÞ;
infFfF1ðxiÞ

ðujÞ[ infFfF2ðxiÞ
ðujÞ supFfF1ðxiÞ

ðujÞ[ supFfF2ðxiÞ
ðujÞ:

for i ¼ 1; 2; . . .;m and j ¼ 1; 2; . . .; n.

3. F 1½n� m� and F 2½n� m� are equal �ivnpivn-matrix,

denoted by F 1½n� m� ¼ F 2½n� m�, if

infTF 1
ðxiÞ ¼ infTF 2

ðxiÞ supTF 1
ðxiÞ ¼ supTF 2

ðxiÞ
infIF 1

ðxiÞ ¼ infIF 2
ðxiÞ supIF 1

ðxiÞ ¼ supIF 2
ðxiÞ;

infFF 1
ðxiÞ ¼ infFF 2

ðxiÞ supFF 1
ðxiÞ ¼ supFF 2

ðxiÞ
infTfF1ðxiÞ

ðujÞ ¼ infTfF2ðxiÞ
ðujÞ supTfF1ðxiÞ

ðujÞ ¼ supTfF2ðxiÞ
ðujÞ;

infIfF1ðxiÞ
ðujÞ ¼ infIfF2ðxiÞ

ðujÞ supIfF1ðxiÞ
ðujÞ ¼ supIfF2ðxiÞ

ðujÞ;
infFfF1ðxiÞ

ðujÞ ¼ infFfF2ðxiÞ
ðujÞ supFfF1ðxiÞ

ðujÞ ¼ supFfF2ðxiÞ
ðujÞ:

for i ¼ 1; 2; . . .;m and j ¼ 1; 2; . . .; n.

Definition 16 Let F½n� m�;F 1½n� m�;F 2½n� m� 2
eF n�m . Then

1 Union of F 1½n� m� and F 2½n� m�, denoted by

F 3½n� m� ¼ F 1½n� m� e[ F 2½n� m�, if

F 1½3� 3� ¼
h½:3; :4�; ½:5; :6�; ½:4; :5�i h½:5; :6�; ½:6; :7�; ½:3; :4�i h½:4; :5�; ½:7; :8�; ½:2; :3�i h½:6; :7�; ½:2; :3�; ½:3; :5�i
h½:1; :2�; ½:3; :4�; ½:6; :7�i h½:7; :8�; ½:3; :4�; ½:2; :4�i h½:8; :4�; ½:2; :6�; ½:3; :4�i h½:4; :5�; ½:1; :3�; ½:2; :4�i
h½:2; :4�; ½:4; :5�; ½:4; :6�i h½:2; :3�; ½:1; :4�; ½:3; :6�i h½:2; :5�; ½:1; :6�; ½:5; :8�i h½:3; :7�; ½:1; :3�; ½:6; :7�i

2

6

4

3

7

5

O½3� 3� ¼
h½0; 0�; ½1; 1�; ½1; 1�i h½0; 0�; ½1; 1�; ½1; 1�i h½0; 0�; ½1; 1�; ½1; 1�i h½0; 0�; ½1; 1�; ½1; 1�i
h½0; 0�; ½1; 1�; ½1; 1�i h½0; 0�; ½1; 1�; ½1; 1�i h½0; 0�; ½1; 1�; ½1; 1�i h½0; 0�; ½1; 1�; ½1; 1�i
h½0; 0�; ½1; 1�; ½1; 1�i h½0; 0�; ½1; 1�; ½1; 1�i h½0; 0�; ½1; 1�; ½1; 1�i h½0; 0�; ½1; 1�; ½1; 1�i

2

6

4

3

7

5

U½3� 3� ¼
h½1; 1�; ½0; 0�; ½0; 0�i h½1; 1�; ½0; 0�; ½0; 0�i h½1; 1�; ½0; 0�; ½0; 0�i h½1; 1�; ½0; 0�; ½0; 0�i
h½1; 1�; ½0; 0�; ½0; 0�i h½1; 1�; ½0; 0�; ½0; 0�i h½1; 1�; ½0; 0�; ½0; 0�i h½1; 1�; ½0; 0�; ½0; 0�i
h½1; 1�; ½0; 0�; ½0; 0�i h½1; 1�; ½0; 0�; ½0; 0�i h½1; 1�; ½0; 0�; ½0; 0�i \½1; 1�; ½0; 0�; ½0; 0�i

2

6

4

3

7

5
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TF 3
ðxiÞ ¼ ½sðinfTF 1

ðxiÞ; infTF 2
ðxiÞÞ; sðsupTF 1

ðxiÞ; supTF 2
ðxiÞÞ�;

IF 3
ðxiÞ ¼ ½tðinfIF 1

ðxiÞ; infIF 2
ðxiÞÞ; tðsupIF 1

ðxiÞ; supIF 2
ðxiÞÞ�;

FF 3
ðxiÞ ¼ ½tðinfFF 1

ðxiÞ; infFF 2
ðxiÞÞ; tðsupFF 1

ðxiÞ; supFF 2
ðxiÞÞ�;

TfF3ðxiÞ
ðujÞ ¼ ½sðinfTfF1ðxiÞ

ðujÞ; infTfF2ðxiÞ
ðujÞÞ; sðsupTfF1ðxiÞ

ðujÞ;
supTfF2ðxiÞ

ðujÞÞ�;
IfF3ðxiÞ

ðujÞ ¼ ½tðinfIfF1ðxiÞ
ðujÞ; infIfF2ðxiÞ

ðujÞÞ; tðsupIfF1ðxiÞ
ðujÞ;

supIfF2ðxiÞ
ðujÞÞ�;

FfF3ðxiÞ
ðujÞ ¼ ½tðinfFfF1ðxiÞ

ðujÞ; infFfF2ðxiÞ
ðujÞÞ;

tðsupFfF1ðxiÞ
ðujÞ; supFfF2ðxiÞ

ðujÞÞ�:

for i ¼ 1; 2; . . .;m and j ¼ 1; 2; . . .; n.
2. Intersection of F 1½n� m� and F 2½n� m�, denoted by

F 4½n� m� ¼ F 1½n� m� e\ F 2½n� m�, if

TF 4
ðxiÞ ¼ ½tðinfTF 1

ðxiÞ; infTF 2
ðxiÞÞ; tðsupTF 1

ðxiÞ;supTF 2
ðxiÞÞ�;

IF 4
ðxiÞ ¼ ½sðinfIF 1

ðxiÞ; infIF 2
ðxiÞÞ; sðsupIF 1

ðxiÞ;supIF 2
ðxiÞÞ�;

FF 4
ðxiÞ ¼ ½sðinfFF 1

ðxiÞ; infFF 2
ðxiÞÞ;sðsupFF 1

ðxiÞ; supFF 2
ðxiÞÞ�;

TfF4ðxiÞ
ðujÞ ¼ ½tðinfTfF1ðxiÞ

ðujÞ; infTfF2ðxiÞ
ðujÞÞ;

tðsupTfF1ðxiÞ
ðujÞ;supTfF2ðxiÞ

ðujÞÞ�;
IfF4ðxiÞ

ðujÞ ¼ ½sðinfIfF1ðxiÞ
ðujÞ; infIfF2ðxiÞ

ðujÞÞ; sðsupIfF1ðxiÞ
ðujÞ;

supIfF2ðxiÞ
ðujÞÞ�;

FfF4ðxiÞ
ðujÞ ¼ ½sðinfFfF1ðxiÞ

ðujÞ; infFfF2ðxiÞ
ðujÞÞ; sðsupFfF1ðxiÞ

ðujÞ;
supFfF2ðxiÞ

ðujÞÞ�:

for i ¼ 1; 2; . . .;m and j ¼ 1; 2; . . .; n.

3. Complement of F½n� m�, denoted by Fec ½n� m�, if

T
Fec

ðxiÞ ¼ ½infFF ðxiÞ; supFF ðxiÞ�;

I
Fec

ðxiÞ ¼ ½1� supIF ðxiÞ; 1� infIF ðxiÞ�;

F
Fec

ðxiÞ ¼ ½infTF ðxiÞ; supTF ðxiÞ�;

Tf
Fec

ðxiÞðujÞ ¼ ½infFfF ðxiÞðujÞ; supFfF ðxiÞðujÞ�;

If
Fec

ðxiÞðujÞ ¼ ½1� supIfF ðxiÞðujÞ; 1� infIfF ðxiÞðujÞ�;

Ff
Fec

ðxiÞðujÞ ¼ ½infTfF ðxiÞðujÞ; supTf
Fec

ðxiÞðujÞ�:

for i ¼ 1; 2; . . .;m and j ¼ 1; 2; . . .; n.

Example 9 Consider Example 6. For t-norm and s-norm

we use minfa; bg and maxfa; bg, respectively. Then,

F 3½3� 3� ¼ F 1½3� 3� e[ F 2½3� 3�, F 4½3� 3� ¼ F 1 ½3�
3� e\ F 2½3� 3� and Fec1 ½3� 3� is given as

and

Proposition 7 Let F 2 eF n�m. Then

1.
�

Fec ½m� n�
�

ec ¼ F½m� n�
2. Oec ½m� n� ¼ U½m� n�

Proposition 8 Let F 1½m� n�;F 2½m� n�;F 3½m� n� 2
eF n�m . Then

1. F 1½m� n� � U½m� n�
2. O½m� n� e�F 1½m� n�
3. F 1½m� n� e�F 1½m� n�
4. F 1½m� n� e�F 2½m� n� ^ F 2½m� n� e�F 3½m� n� )

F 1½m� n� e�F 3½m� n�

F 3½3� 3� ¼
h½:6; :7�; ½:2; :6�; ½:4; :5�i h½:5; :6�; ½:6; :7�; ½:3; :4�i h½:4; :5�; ½:2; :4�; ½:2; :3�i h½:6; :7�; ½:2; :3�; ½:3; :5�i
h½:1; :4�; ½:2; :4�; ½:5; :7�i h½:7; :8�; ½:3; :4�; ½:1; :2�i h½:8; :9�; ½:2; :6�; ½:3; :4�i h½:4; :5�; ½:1; :3�; ½:2; :4�i
h½:3; :9�; ½:4; :5�; ½:3; :6�i h½:3; :5�; ½:1; :4�; ½:3; :6�i h½:3; :7�; ½:1; :6�; ½:5; :8�i h½:4; :9�; ½:1; :3�; ½:6; :7�i

2

6

4

3

7

5

F 4½3� 3� ¼
h½:3; :4�; ½:5; :9�; ½:7; :8�i h½:1; :5�; ½:7; :9�; ½:4; :7�i h½:1; :3�; ½:7; :8�; ½:8; :9�i h½:3; :5�; ½:7; :9�; ½:6; :7�i
h½:1; :2�; ½:3; :4�; ½:5; :8�i h½:2; :3�; ½:6; :8�; ½:2; :4�i h½:5; :4�; ½:4; :6�; ½:7; :9�i h½:1; :2�; ½:3; :4�; ½:5; :6�i
h½:2; :4�; ½:5; :7�; ½:4; :6�i h½:2; :3�; ½:2; :6�; ½:4; :8�i h½:2; :5�; ½:2; :8�; ½:6; :9�i h½:3; :7�; ½:2; :5�; ½:6; :9�i

2

6

4

3

7

5

Fec1 ½3� 3� ¼
h½:4; :5�; ½:4; :5�; ½:3; :4�i h½:3; :4�; ½:4; :3�; ½:5; :6�i h½:2; :3�; ½:3; :2�; ½:4; :5�i h½:3; :5�; ½:8; :7�; ½:6; :7�i
h½:6; :7�; ½:6; :7�; ½:1; :2�i h½:2; :4�; ½:7; :6�; ½:7; :8�i h½:3; :4�; ½:8; :4�; ½:8; :4�i h½:2; :4�; ½:9; :7�; ½:4; :5�i
h½:4; :6�; ½:5; :6�; ½:2; :4�i h½:3; :6�; ½:9; :6�; ½:2; :3�i h½:5; :8�; ½:9; :4�; ½:2; :5�i h½:6; :7�; ½:9; :7�; ½:3; :7�i

2

6

4

3

7

5
:
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Proposition 9 Let F 1½m� n�;F 2½m� n�;F 3½m� n� 2
eF n�m . Then

1. F 1½m� n� ¼ F 2½m� n� and F 2½m� n� ¼ F 3½m� n�
, F 1½m� n� ¼ F 3½m� n�

2. F 1½m� n� e�F 2½m� n� and F 2½m� n� e�F 1½m� n�
, F 1½m� n� ¼ F 2½m� n�

Proposition 10 Let F 1½m� n�;F 2½m� n�;F 3½m� n� 2
eF n�m . Then

1. F 1½m� n� e[F 1½m� n� ¼ F 1½m� n�
2. F 1½m� n� e[O½m� n� ¼ F 1½m� n�
3. F 1½m� n� e[ U½m� n� ¼ U½m� n�
4. F 1½m� n� e[ F 2½m� n� ¼ F 2½m� n� e[F 1½m� n�
5. ðF 1½m� n� e[ F 2½m� n�Þ e[F 3½m� n� ¼ F 1½m� n�

e[ ðF 2½m� n� e[ F 3½m� n�Þ

Proposition 11 Let F 1½m� n�;F 2½m� n�;F 3½m� n� 2
eF n�m . Then

1. F 1½m� n� e\ F 1½m� n� ¼ F 1½m� n�
2. F 1½m� n� e\O½m� n� ¼ O½m� n�
3. F 1½m� n� e\ U½m� n� ¼ F 1½m� n�
4. F 1½m� n� e\ F 2½m� n� ¼ F 2½m� n� e\ F 1½m� n�
5. ðF 1½m� n� e\F 2½m� n�Þ e\ F 3½m� n� ¼ F 1½m� n� e\

ðF 2½m� n� e\ F 3½m� n�Þ

Proposition 12 Let F 1½m� n�;F 2½m� n� 2 eF n�m.

Then, De Morgan’s laws are valid

1. ðF 1½m� n� e[ F 2½m� n�Þec ¼ F 1½m� n�ec e\
F 2½m� n�ec

2. ðF 1½m� n� e\ F 2½m� n�Þec ¼ F 1½m� n�ec e[
F 2½m� n�ec

Proposition 13 Let F 1½m� n�;F 2½m� n�;F 3½m� n� 2
eF n�m . Then

1. F 1½m� n� e\ ðF 2½m� n� e[ F 3½m� n�Þ ¼ ðF 1½m� n�
e\ F 2½m� n�Þ e[ ðF 1½m� n� e\ F 3½m� n�Þ

2. F 1½m� n� e[ ðF 2½m� n� e\ F 3½m� n�Þ ¼ ðF 1½m� n�
e[ F 2½m� n�Þ e\ ðF 1½m� n� e[ F 3½m� n�Þ

5 Similarity measure on ivnpivn-soft sets

In the following, some definitions and operations on soft

set is defined in [24], we extend these definitions and

operations to ivnpivn-soft sets.

Definition 17 Let U ¼ fu1; u2; . . .; umg be a universe,

E ¼ fx1; x2; . . .; xng be a set of parameters F 1½m� n�;

F 2½m� n� 2 eF n�m. If kTijk
��!2

6¼ 0 or kIijk
��!2

6¼ 0 or kFijk
��!2

6
¼ 0 for at least one i 2 f1; 2; . . .; ng and j 2 f1; 2; . . .;mg,
then similarity between F 1½m� n� and F 2½m� n� is

defined by

SðF 1½m� n�;F 2½m� n�Þ ¼
Pn

i¼1

Pm
j¼1 kV2

i k
���!

�kTijk
��!

�kIijk
��!

�kFijk
��!

Pn
i¼1

Pm
j¼1maxfkTij

�!
k2; kIij
�!

k2;kFij

��!
k2g

where

V2
i

�!
¼ infT1

i � infT2
i þ supT1

i � supT2
i ; infI

1
i � infI2i

�

þsupI1i � supI2i ; infF1
i � infF2

i þ supF1
i � supF2

i

�

Tij
�! ¼ infT1

i1 þ supT1
i1 � infT2

i1 � supT2
i1; infT

1
i2

�

þsupT1
i2 � infT2

i2 � supT2
i2; . . .;

infT1
im þ supT1

im � infT2
im � supT2

im

�

Iij
!¼ infI1i1 þ supI1i1 � infI2i1 � supI2i1; infI

1
i2

�

þsupI1i2 � infI2i2 � supI2i2; . . .;

infI1im þ supI1im � infI2im � supI2im
�

Fij
�! ¼ infF1

i1 þ supF1
i1 � infF2

i1 � supF2
i1; infF

1
i2

�

þsupF1
i2 � infF2

i2 � supF2
i2; . . .;

infF1
im þ supF1

im � infF2
im � supF2

im

�

Note: If kTijk
��!2

; kIijk
��!2

;Fijk
��!2

¼ 0 for all i 2 f1; 2; . . .; ng and

j 2 f1; 2; . . .;mg or F 1½m� n� ¼ F 2½m� n�, then

SðF 1½m� n�;F 2½m� n�Þ ¼ 1.

Definition 18 Let F 1½m� n�;F 2½m� n� 2 eF n�m. Then,

F 1½m� n� and F 2½m� n� are said to be a-similar, denoted

F 1½m� n� 	a F 2½m� n�, if and only if SðF 1½m�
n�;F 2½m� n�Þ ¼ a for a 2 ð0; 1Þ:

We call the two ivnpivn-soft sets significantly similar if

SðF 1½m� n�;F 2½m� n�Þ[ 1
2
.

Example 10 Consider Example 6. If two ivnpivn-matrices

F 1½3� 3� and F 2½3� 3� are written by

F 1½3� 3� ¼
h½:3; :4�; ½:5; :6�; ½:5; :6�i h½:5; :6�; ½:6; :7�; ½:3; :4�i h½:4; :5�; ½:7; :8�; ½:2; :3�i h½:6; :7�; ½:2; :3�; ½:3; :5�i
h½:1; :2�; ½:3; :4�; ½:6; :7�i h½:7; :8�; ½:3; :4�; ½:2; :4�i h½:4; :8�; ½:2; :6�; ½:3; :4�i h½:4; :5�; ½:1; :3�; ½:2; :4�i
h½:2; :4�; ½:4; :5�; ½:4; :6�i h½:2; :3�; ½:1; :4�; ½:3; :6�i h½:2; :5�; ½:1; :6�; ½:5; :8�i h½:3; :7�; ½:1; :3�; ½:6; :7�i

2

6

4

3

7

5
;
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and

Then, we can obtain

i ¼ 1; ð0:5; 0:5; 0:5Þ ) kT1jk ¼
ffiffiffiffiffiffiffiffiffi

0:75
p

,

i ¼ 2; ð1:0;�0:2; 0:6Þ ) kT2jk ¼
ffiffiffiffiffiffiffi

1:4
p

,

i ¼ 3; ð�0:3;�0:3;�0:3Þ ) kT3jk ¼
ffiffiffiffiffiffiffiffiffi

0:27
p

,

i ¼ 1; ð�0:3; 0:9;�1:1Þ ) kI1jk ¼
ffiffiffiffiffiffiffiffiffi

2:11
p

,

i ¼ 2; ð�0:7;�0:2;�0:3Þ ) kI2jk ¼
ffiffiffiffiffiffiffiffiffi

0:62
p

,

i ¼ 3; ð�0:3;�0:3;�0:3Þ ) kI3jk ¼
ffiffiffiffiffiffiffiffiffi

0:27
p

,

i ¼ 1; ð�0:4;�1:2;�0:5Þ ) kF1jk ¼
ffiffiffiffiffiffiffiffiffi

1:85
p

,

i ¼ 2; ð0:3;�0:9;�0:5Þ ) kF2jk ¼
ffiffiffiffiffiffiffiffiffi

1:15
p

,

i ¼ 3; ð�0:3;�0:2;�0:2Þ ) kF3jk ¼
ffiffiffiffiffiffiffiffiffi

0:17
p

.

and

i ¼ 1; V2
1 ¼ ð0:46; 0:64; 0:82Þ ) kV2

1k ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1:2936
p

,

i ¼ 2; V2
2 ¼ ð0:09; 0:22; 0:86Þ ) kV2

2k ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffi

0:7961
p

,

i ¼ 3; V2
3 ¼ ð0:38; 0:55; 0:48Þ ) kV2

3k ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffi

0:6773
p

,

Now the similarity between F 1½3� 3� and F 2½3� 3� is

calculated as

Proposition 14 Let F 1½m� n�;F 2½m� n�;F 3½m� n� 2
eF n�m . Then, the followings hold;

(i:) SðF 1½m� n�;F 2½m� n�Þ ¼ SðF 2½m� n�;
F 1½m� n�Þ,

(ii:) 0� SðF 1½m� n�;F 2½m� n�Þ � 1,

(iii:) SðF 1½m� n�;F 1½m� n�Þ ¼ 1.

Proof Proof easily can be made by using Definition 10.

Now we give distance measures between F 1½m� n� and
F 2½m� n� with propositions by using the study of Jiang

et al. [19]. h

Definition 19 Let F 1½m� n�;F 2½m� n� 2 eF n�m. Then,

the distances between F 1½m� n� and F 2½m� n� are

defined as,

1. Hamming measure,

dðF 1½m� n�;F 2½m� n�Þ ¼ 1

2

X

m

i¼1

X

n

j¼1

jVi:Vijj

where

eVi ¼ infT1
i þ supT1

i � infT2
i � supT2

i þ infI1i

þ supI1i � infI2i � supI2i þ infF1
i þ supF1

i

� infF2
i � supF2

i

and

fVij ¼ infT1
ij þ supT1

ij � infT2
ij � supT2

ij þ infI1ij

þ supI1ij � infI2ij � supI2ij þ infF1
ij þ supF1

ij

� infF2
ij � supF2

ij

2. Normalized Hamming measure,

lðF 1½m� n�;F 2½m� n�Þ ¼ 1

mn
dðF 1½m� n�;F 2½m� n�Þ

3. Euclidean distance,

eðF 1½m� n�;F 2½m� n�Þ ¼
X

m

i¼1

X

n

j¼1

jVi:Vijj
 !1

2

F 2½3� 3� ¼
h½:6; :7�; ½:2; :9�; ½:7; :8�i h½:1; :5�; ½:7; :9�; ½:4; :7�i h½:1; :3�; ½:2; :4�; ½:8; :9�i h½:3; :5�; ½:7; :9�; ½:6; :7�i
h½:1; :4�; ½:2; :4�; ½:5; :8�i h½:2; :3�; ½:6; :8�; ½:1; :2�i h½:5; :9�; ½:4; :6�; ½:7; :9�i h½:1; :2�; ½:3; :4�; ½:5; :6�i
h½:3; :9�; ½:5; :7�; ½:3; :6�i h½:3; :5�; ½:2; :6�; ½:4; :8�i h½:3; :7�; ½:2; :8�; ½:6; :9�i h½:4; :9�; ½:2; :5�; ½:6; :9�i

2

6

4

3

7

5

SðF 1½3� 3�;F 2½3� 3�Þ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1:2936
p ffiffiffiffiffiffiffiffiffi

0:75
p ffiffiffiffiffiffiffiffiffi

2:11
p ffiffiffiffiffiffiffiffiffi

1:85
p

þ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffi

0:7961
p ffiffiffiffiffiffiffi

1:4
p ffiffiffiffiffiffiffiffiffi

0:62
p ffiffiffiffiffiffiffiffiffi

1:15
p

þ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffi

0:6773
p ffiffiffiffiffiffiffiffiffi

0:27
p ffiffiffiffiffiffiffiffiffi

0:27
p ffiffiffiffiffiffiffiffiffi

0:17
p

maxf0:75; 2:11; 1:85g þmaxf1:4; 0:63; 1:15g þmaxf0:27; 0:27; 0:17g

¼ 1:95þ 0:89þ 0:09

3:78
¼ 0:78
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where

Vi ¼ infT1
i þ supT1

i � infT2
i � supT2

i

� �2

þ infI1i þ supI1i � infI2i � supI2i
� �2

þ infF1
i þ supF1

i � infF2
i � supF2

i

� �2

and

Vij ¼ infT1
ij þ supT1

ij � infT2
ij � supT2

ij


 �2

þ infI1ij þ supI1ij � infI2ij � supI2ij


 �2

þ infF1
ij þ supF1

ij � infF2
ij � supF2

ij


 �2

4. Normalized Euclidean distance,

qðF 1½m�n�;F 2½m�n�Þ ¼ 1

mn
eðF 1½m�n�;F 2½m�n�Þ

Example 11 Consider Example 10. Now we give distance

measures between F 1½3� 3� and F 2½3� 3� as,

1. Hamming measure,

fV1 ¼ �0:6þ 0� 0:4 ¼ �1

fV2 ¼ �0:2þ 0:1þ 0 ¼ �0:1

fV3 ¼ �0:6� 0:3þ 0:1 ¼ �0:8

and

gV11 ¼ 0:5� 0:3� 0:4 ¼ �0:2

gV12 ¼ 0:5þ 0:9� 0:1 ¼ 0:2

gV13 ¼ 0:5� 1:1� 0:5 ¼ �1:1

gV21 ¼ 1� 0:7þ 0:3 ¼ 0:6

gV22 ¼ �0:2� 0:2� 0:9 ¼ �1:3

gV23 ¼ 0:6� 0:3� 0:5 ¼ �0:2

gV31 ¼ �0:3� 0:3� 0:3 ¼ �0:9

gV32 ¼ �0:3� 0:3� 0:2 ¼ �0:8

gV31 ¼ �0:3� 0:3� 0:2 ¼ �0:8

Then, we can obtain Hamming measure between

F 1½3� 3� and F 2½3� 3� as,

dðF 1½3� 3�;F 2½3� 3�Þ ¼ 1

2

X

3

i¼1

X

3

j¼1

jVi:Vijj

¼ 1

2
ð0:2þ 0:2þ 1:1þ 0:6þ 0:13þ 0:02þ 0:72

þ 0:64þ 0:64Þ ¼ 1:855

2. Normalized Hamming measure,

lðF 1½3� 3�;F 2½3� 3�Þ

¼ 1

3:3
dðF 1½3� 3�;F 2½3� 3�Þ ¼ 1

9
1:855 ffi 0:2061

3. Euclidean distance,

V1 ¼ 0:36þ 0þ 0:16 ¼ 0:52

V2 ¼ 0:04þ 0:01þ 0 ¼ 0:05

V3 ¼ 0:36þ 0:09þ 0:01 ¼ 0:46

and

V11 ¼ 0:25þ 0:09þ 0:16 ¼ 0:50

V12 ¼ 0:25þ 0:81þ 1:44 ¼ 2:50

V13 ¼ 0:25þ 1:21þ 0:25 ¼ 1:71

V21 ¼ 1þ 0:49þ 0:09 ¼ 1:58

V22 ¼ 0:04þ 0:04þ 0:81 ¼ 0:89

V23 ¼ 0:36þ 0:09þ 0:25 ¼ 0:70

V31 ¼ 0:09þ 0:09þ 0:09 ¼ 0:27

V32 ¼ 0:09þ 0:09þ 0:04 ¼ 0:22

V33 ¼ 0:09þ 0:09þ 0:04 ¼ 0:22

Then, we can obtain Euclidean distance between

F 1½3� 3� and F 2½3� 3� as,
eðF 1½3� 3�;F 2½3� 3�Þ

¼
X

3

i¼1

X

3

j¼1

jVi:Vijj
 !1

2

¼ ð2:4492þ 0:1585þ 0:3266Þ
1
2

¼ ð2:9343Þ
1
2 ffi 1:713

4. Normalized Euclidean distance,

qðF 1½3� 3�;F 2½3� 3�Þ

¼ 1

3:3
eðF 1½3� 3�;F 2½3� 3�Þ ¼ 1

9
1:713 ffi 0:19

Theorem 1 Let F 1½m� n�;F 2½m� n� 2 eF n�m. Then, the

followings hold;

(i:) dðF 1½m� n�;F 2½m� n�Þ �mn

(ii:) lðF 1½m� n�;F 2½m� n�Þ � 1

(iii:) eðF 1½m� n�;F 2½m� n�Þ �
ffiffiffiffiffiffi

mn
p

(iv:) qðF 1½m� n�;F 2½m� n�Þ � 1

Proof Proof easily can be made by using Definition 6. h

Definition 20 Let F 1½m� n�;F 2½m� n� 2 eF n�m. Then,

by using the distances, similarity measure of F 1½m� n�
and F 2½m� n� is defined as,

SKðF 1½m� n�;F 2½m� n�Þ ¼ 1

1þKðF 1½m� n�;F 2½m� n�Þ

where K 2 fd; l; e; qg.

Example 12 Consider Example 11. Now we give simi-

larity measure of F 1½3� 3� and F 2½3� 3� by using the

distances of Example 11 as,
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SdðF 1½3� 3�;F 2½3� 3�Þ ¼ 1

1þ dðF 1½3� 3�;F 2½3� 3�Þ

¼ 1

1þ 1:855
ffi 0:35

SlðF 1½3� 3�;F 2½3� 3�Þ ¼ 1

1þ lðF 1½3� 3�;F 2½3� 3�Þ

¼ 1

1þ 0:2061
ffi 0:83

SeðF 1½3� 3�;F 2½3� 3�Þ ¼ 1

1þ eðF 1½3� 3�;F 2½3� 3�Þ

¼ 1

1þ 1:713
ffi 0:37

SqðF 1½3� 3�;F 2½3� 3�Þ ¼ 1

1þ qðF 1½3� 3�;F 2½3� 3�Þ

¼ 1

1þ 0:19
ffi 0:84

6 Decision-making method

In this section, we construct a decision-making method that

is based on the similarity measure of two ivnpivn-soft sets.

The algorithm of decision-making method can be given as:

Step 1. Construct an ivnpivn-soft set F 1 over U for

problem with the help of a expert,

Step 2. Construct an ivnpivn-soft set F 2 based on a

responsible person for the problem,

Step 3. Write ivnpivn-matrices F 1½m� n� and F 2½m� n�
for F 1 and F 2 according to Definition 13,

respectively,

Step 4. Calculate the similarity between F 1½m� n� and
F 2½m� n� according to Definition 17,

Step 5. Determine result by using the similarity.

Now, we can give an application for the decision-making

method. The similarity measure can be applied to detect

whether an ill person is suffering from a certain disease or

not.

6.1 Application

Let us consider the decision-making problem adopted from

[24]. In this applications, we will try to estimate the pos-

sibility that an ill person having certain visible symptoms is

suffering from cancer. For this, we first construct an ivn-

pivn-soft set for the illness and an ivnpivn-soft set for the ill

person. We then find the similarity measure of these two

ivnpivn-soft sets. If they are significantly similar, then we

conclude that the person is possibly suffering from cancer.

Example 13 Assume that our universal set contain only

two elements cancer and not cancer, i.e. U ¼ fu1; u2g.
Here the set of parameters X is the set of certain visible

symptoms, let us say, X ¼ fx1; x2; x3; x4; x5; x6; x7; x8; x9g
where x1 ¼ jaundice, x2 ¼ bone pain, x3 ¼ headache, x4 ¼
loss of appetite, x5 ¼ weight loss, x6 ¼ heal wounds , x7 ¼
handle and shoulder pain, x8 ¼ lump anywhere on the body

for no reason and x9 ¼ chest pain.

Step 1. We construct an ivnpivn-soft set F 1 over U for

cancer with the help of a medical person as:

F 1 ¼
�

ðhx1; ½0:5; 0:7�; ½0:1; 0:2�; ½0:7; 0:8�i; fh½0:5; 0:6�; ½0:1; 0:3�; ½0:8; 0:9�i=u1; h½0:4; 0:6�; ½0:1; 0:3�; ½0:4; 0:5�i=u2gÞ;

ðhx2; ½0:7; 0:8�; ½0:0; 0:1�; ½0:1; 0:2�i; fh½0:6; 0:7�; ½0:1; 0:2�; ½0:1; 0:3�i=u1; h½0:6; 0:7�; ½0:3; 0:4�; ½0:8; 0:9�i=u2gÞ;
ðhx3; ½0:3; 0:6�; ½0:2; 0:3�; ½0:3; 0:4�i; fh½0:5; 0:6�; ½0:2; 0:3�; ½0:3; 0:4�i=u1; h½0:4; 0:5�; ½0:2; 0:4�; ½0:7; 0:9�i=u2gÞ;
ðhx4; ½0:6; 0:7�; ½0:1; 0:2�; ½0:2; 0:3�i; fh½0:6; 0:7�; ½0:1; 0:2�; ½0:2; 0:3�i=u1; h½0:3; 0:6�; ½0:3; 0:5�; ½0:8; 0:9�i=u2gÞ;
ðhx5; ½0:4; 0:5�; ½0:2; 0:3�; ½0:3; 0:4�i; fh½0:4; 0:6�; ½0:1; 0:3�; ½0:2; 0:4�i=u1; h½0:7; 0:9�; ½0:2; 0:3�; ½0:4; 0:5�i=u2gÞ;
ðhx6; ½0:3; 0:5�; ½0:7; 0:8�; ½0:2; 0:6�i; fh½0:5; 0:7�; ½0:3; 0:5�; ½0:4; 0:8�i=u1; h½0:2; 0:6�; ½0:5; 0:6�; ½0:3; 0:7�i=u2gÞ;
ðhx7; ½0:3; 0:8�; ½0:6; 0:7�; ½0:5; 0:9�i; fh½0:5; 0:9�; ½0:5; 0:8�; ½0:7; 0:9�i=u1; h½0:3; 0:7�; ½0:8; 0:9�; ½0:4; 0:5�i=u2gÞ;
ðhx8; ½0:2; 0:6�; ½0:3; 0:4�; ½0:5; 0:7�i; fh½0:4; 0:7�; ½0:7; 0:9�; ½0:3; 0:6�i=u1; h½0:6; 0:7�; ½0:2; 0:4�; ½0:1; 0:5�i=u2gÞ;

ðhx9; ½0:1; 0:2�; ½0:5; 0:6�; ½0:1; 0:6�i; fh½0:3; 0:4�; ½0:2; 0:3�; ½0:4; 0:6�i=u1; h½0:6; 0:9�; ½0:4; 0:7�; ½0:6; 0:8�i=u2gÞ
�
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Step 2. We construct an ivnpivn-soft sets F 2 based on

data of ill person as:

Step 3. We construct ivnpivn-matrices F 1½9� 2� and
F 2½9� 2� for F 1 and F 2, respectively as:

F 2 ¼
�

ðhx1; ½0:3; 0:4�; ½0:5; 0:6�; ½0:4; 0:5�i; fh½0:1; 0:9�; ½0:1; 0:5�; ½0:2; 0:6�i=u1; h½0:0; 0:9�; ½0:1; 0:2�; ½0:0; 0:1�i=u2gÞ;

ðhx2; ½0:1; 0:2�; ½0:3; 0:4�; ½0:6; 0:7�i; fh½0:0; 0:1�; ½0:5; 0:7�; ½0:8; 0:9�i=u1; h½0:1; 0:3�; ½0:0; 0:2�; ½0:8; 0:9�i=u2gÞ;
ðhx3; ½0:2; 0:4�; ½0:4; 0:5�; ½0:4; 0:6�i; fh½0:1; 0:3�; ½0:4; 0:6�; ½0:6; 0:7�i=u1; h½0:8; 0:9�; ½0:9; 1:0�; ½0:6; 0:7�i=u2gÞ;
ðhx4; ½0:5; 0:6�; ½0:6; 0:7�; ½0:3; 0:4�i; fh½0:0; 0:9�; ½0:2; 0:3�; ½0:0; 0:1�i=u1; h½0:5; 0:8�; ½0:1; 0:4�; ½0:7; 0:9�i=u2gÞ;
ðhx5; ½0:3; 0:5�; ½0:7; 0:8�; ½0:2; 0:3�i; fh½0:9; 0:1�; ½0:5; 0:8�; ½0:1; 0:2�i=u1; h½0:8; 0:9�; ½0:1; 0:3�; ½0:2; 0:4�i=u2gÞ;
ðhx6; ½0:6; 0:7�; ½0:2; 0:3�; ½0:3; 0:5�i; fh½0:1; 0:3�; ½0:8; 0:9�; ½0:9; 1:0�i=u1; h½0:8; 1:0�; ½0:8; 0:9�; ½0:1; 0:2�i=u2gÞ;
ðhx7; ½0:7; 0:8�; ½0:3; 0:4�; ½0:2; 0:4�i; fh½0:8; 1:0�; ½0:7; 0:8�; ½0:0; 0:1�i=u1; h½0:6; 0:7�; ½0:0; 0:1�; ½0:6; 0:9�i=u2gÞ;
ðhx8; ½0:8; 0:9�; ½0:2; 0:6�; ½0:3; 0:4�i; fh½0:6; 0:9�; ½0:8; 1:0�; ½0:3; 0:4�i=u1; h½0:0; 0:1�; ½0:0; 0:2�; ½0:9; 1:0�i=u2gÞ;

ðhx9; ½0:3; 0:4�; ½0:7; 0:9�; ½0:1; 0:2�i; fh½0:8; 0:9�; ½0:7; 0:8�; ½0:5; 0:6�i=u1; h½0:0; 1:0�; ½0:0; 0:3�; ½0:7; 0:9�i=u2gÞ
�

F 1½9� 2� ¼

h½0:5; 0:7�; ½0:1; 0:2�; ½0:7; 0:8�i h½0:5; 0:6�; ½0:1; 0:3�; ½0:8; 0:9�i h½0:4; 0:6�; ½0:1; 0:3�; ½0:4; 0:5�i
h½0:7; 0:8�; ½0:0; 0:1�; ½0:1; 0:2�i h½0:6; 0:7�; ½0:1; 0:2�; ½0:1; 0:3�i h½0:6; 0:7�; ½0:3; 0:4�; ½0:8; 0:9�i
h½0:3; 0:6�; ½0:2; 0:3�; ½0:3; 0:4�i h½0:5; 0:6�; ½0:2; 0:3�; ½0:3; 0:4�i h½0:4; 0:5�; ½0:2; 0:4�; ½0:7; 0:9�i
h½0:6; 0:7�; ½0:1; 0:2�; ½0:2; 0:3�i h½0:6; 0:7�; ½0:1; 0:2�; ½0:2; 0:3�i h½0:3; 0:6�; ½0:3; 0:5�; ½0:8; 0:9�i
h½0:4; 0:5�; ½0:2; 0:3�; ½0:3; 0:4�i h½0:4; 0:6�; ½0:1; 0:3�; ½0:2; 0:4�i h½0:7; 0:9�; ½0:2; 0:3�; ½0:4; 0:5�i
h½0:3; 0:5�; ½0:7; 0:8�; ½0:2; 0:6�i h½0:5; 0:7�; ½0:3; 0:5�; ½0:4; 0:8�i h½0:2; 0:6�; ½0:5; 0:6�; ½0:3; 0:7�i
h½0:3; 0:8�; ½0:6; 0:7�; ½0:5; 0:9�i h½0:5; 0:9�; ½0:5; 0:8�; ½0:7; 0:9�i h½0:3; 0:7�; ½0:8; 0:9�; ½0:4; 0:5�i
h½0:2; 0:6�; ½0:3; 0:4�; ½0:5; 0:7�i h½0:4; 0:7�; ½0:7; 0:9�; ½0:3; 0:6�i h½0:6; 0:7�; ½0:2; 0:4�; ½0:1; 0:5�i
h½0:1; 0:2�; ½0:5; 0:6�; ½0:1; 0:6�i h½0:3; 0:4�; ½0:2; 0:3�; ½0:4; 0:6�i h½0:6; 0:9�; ½0:4; 0:7�; ½0:6; 0:8�i
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F 2½9� 2� ¼

h½0:3; 0:4�; ½0:5; 0:6�; ½0:4; 0:5�i h½0:1; 0:9�; ½0:1; 0:5�; ½0:2; 0:6�i h½0:0; 0:9�; ½0:1; 0:2�; ½0:0; 0:1�i
h½0:1; 0:2�; ½0:3; 0:4�; ½0:6; 0:7�i h½0:0; 0:1�; ½0:5; 0:7�; ½0:8; 0:9�i h½0:1; 0:3�; ½0:0; 0:2�; ½0:8; 0:9�i
h½0:2; 0:4�; ½0:4; 0:5�; ½0:4; 0:6�i h½0:1; 0:3�; ½0:4; 0:6�; ½0:6; 0:7�i h½0:8; 0:9�; ½0:9; 1:0�; ½0:6; 0:7�i
h½0:5; 0:6�; ½0:6; 0:7�; ½0:3; 0:4�i h½0:0; 0:9�; ½0:2; 0:3�; ½0:0; 0:1�i h½0:5; 0:8�; ½0:1; 0:4�; ½0:7; 0:9�i
h½0:3; 0:5�; ½0:7; 0:8�; ½0:2; 0:3�i h½0:9; 0:1�; ½0:5; 0:8�; ½0:1; 0:2�i h½0:8; 0:9�; ½0:1; 0:3�; ½0:2; 0:4�i
h½0:6; 0:7�; ½0:2; 0:3�; ½0:3; 0:5�i h½0:1; 0:3�; ½0:8; 0:9�; ½0:9; 1:0�i h½0:8; 1:0�; ½0:8; 0:9�; ½0:1; 0:2�i
h½0:7; 0:8�; ½0:3; 0:4�; ½0:2; 0:4�i h½0:8; 1:0�; ½0:7; 0:8�; ½0:0; 0:1�i h½0:6; 0:7�; ½0:0; 0:1�; ½0:6; 0:9�i
h½0:8; 0:9�; ½0:2; 0:6�; ½0:3; 0:4�i h½0:6; 0:9�; ½0:8; 1:0�; ½0:3; 0:4�i h½0:0; 0:1�; ½0:0; 0:2�; ½0:9; 1:0�i
h½0:3; 0:4�; ½0:7; 0:9�; ½0:1; 0:2�i h½0:8; 0:9�; ½0:7; 0:8�; ½0:5; 0:6�i h½0:0; 1:0�; ½0:0; 0:3�; ½0:7; 0:9�i
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Step 4. We calculated the similarity between F 1½9� 2�
and F 2½9� 2� as:

SðF 1½9� 2�;F 2½9� 2�Þ ¼ 0:29h1
2

Step 5. The F 1½9� 2� and F 2½9� 2� are not significantly
similar. Therefore, we conclude that the person is

not possibly suffering from cancer.

Example 14 Let us consider Example 13 with different ill

person.

Step 1. We construct an ivnpivn-soft set F 1 over U for

cancer with the help of a medical person as

Step 2. We construct an ivnpivn-soft sets F 3 based on

data of ill person as

F 1 ¼
�

ðhx1; ½0:5; 0:7�; ½0:1; 0:2�; ½0:7; 0:8�i; fh½0:5; 0:6�; ½0:1; 0:3�; ½0:8; 0:9�i=u1; h½0:4; 0:6�; ½0:1; 0:3�; ½0:4; 0:5�i=u2gÞ;

ðhx2; ½0:7; 0:8�; ½0:0; 0:1�; ½0:1; 0:2�i; fh½0:6; 0:7�; ½0:1; 0:2�; ½0:1; 0:3�i=u1; h½0:6; 0:7�; ½0:3; 0:4�; ½0:8; 0:9�i=u2gÞ;
ðhx3; ½0:3; 0:6�; ½0:2; 0:3�; ½0:3; 0:4�i; fh½0:5; 0:6�; ½0:2; 0:3�; ½0:3; 0:4�i=u1; h½0:4; 0:5�; ½0:2; 0:4�; ½0:7; 0:9�i=u2gÞ;
ðhx4; ½0:6; 0:7�; ½0:1; 0:2�; ½0:2; 0:3�i; fh½0:6; 0:7�; ½0:1; 0:2�; ½0:2; 0:3�i=u1; h½0:3; 0:6�; ½0:3; 0:5�; ½0:8; 0:9�i=u2gÞ;
ðhx5; ½0:4; 0:5�; ½0:2; 0:3�; ½0:3; 0:4�i; fh½0:4; 0:6�; ½0:1; 0:3�; ½0:2; 0:4�i=u1; h½0:7; 0:9�; ½0:2; 0:3�; ½0:4; 0:5�i=u2gÞ;
ðhx6; ½0:3; 0:5�; ½0:7; 0:8�; ½0:2; 0:6�i; fh½0:5; 0:7�; ½0:3; 0:5�; ½0:4; 0:8�i=u1; h½0:2; 0:6�; ½0:5; 0:6�; ½0:3; 0:7�i=u2gÞ;
ðhx7; ½0:3; 0:8�; ½0:6; 0:7�; ½0:5; 0:9�i; fh½0:5; 0:9�; ½0:5; 0:8�; ½0:7; 0:9�i=u1; h½0:3; 0:7�; ½0:8; 0:9�; ½0:4; 0:5�i=u2gÞ;
ðhx8; ½0:2; 0:6�; ½0:3; 0:4�; ½0:5; 0:7�i; fh½0:4; 0:7�; ½0:7; 0:9�; ½0:3; 0:6�i=u1; h½0:6; 0:7�; ½0:2; 0:4�; ½0:1; 0:5�i=u2gÞ;

ðhx9; ½0:1; 0:2�; ½0:5; 0:6�; ½0:1; 0:6�i; fh½0:3; 0:4�; ½0:2; 0:3�; ½0:4; 0:6�i=u1; h½0:6; 0:9�; ½0:4; 0:7�; ½0:6; 0:8�i=u2gÞ
�

F 3 ¼
�

ðhx1; ½0:3; 0:4�; ½0:5; 0:6�; ½0:4; 0:5�i; fh½0:1; 0:2�; ½0:7; 0:8�; ½0:0; 0:1�i=u1; h½0:0; 0:1�; ½0:9; 1:0�; ½0:9; 1:0�i=u2gÞ;

ðhx2; ½0:1; 0:2�; ½0:3; 0:4�; ½0:6; 0:7�i; fh½0:0; 0:1�; ½0:5; 0:6�; ½0:8; 0:9�i=u1; h½0:1; 0:2�; ½0:0; 0:1�; ½0:3; 0:4�i=u2gÞ;
ðhx3; ½0:2; 0:3�; ½0:4; 0:5�; ½0:6; 0:7�i; fh½0:1; 0:2�; ½0:0; 0:1�; ½0:6; 0:7�i=u1; h½0:8; 0:9�; ½0:9; 1:0�; ½0:0; 0:1�i=u2gÞ;
ðhx4; ½0:5; 0:6�; ½0:6; 0:7�; ½0:3; 0:4�i; fh½0:0; 0:1�; ½0:6; 0:7�; ½0:1; 0:2�i=u1; h½0:4; 0:5�; ½0:7; 0:8�; ½0:2; 0:3�i=u2gÞ;
ðhx5; ½0:3; 0:4�; ½0:7; 0:8�; ½0:9; 1:0�i; fh½0:9; 1:0�; ½0:6; 0:7�; ½0:7; 0:8�i=u1; h½0:8; 0:9�; ½0:4; 0:5�; ½0:2; 0:3�i=u2gÞ;
ðhx6; ½0:6; 0:7�; ½0:4; 0:5�; ½0:5; 0:6�i; fh½0:1; 0:2�; ½0:8; 0:9�; ½0:9; 1:0�i=u1; h½0:3; 0:4�; ½0:4; 0:5�; ½0:1; 0:2�i=u2gÞ;
ðhx7; ½0:7; 0:8�; ½0:9; 1:0�; ½0:1; 0:2�i; fh½0:1; 0; 2�; ½0:7; 0:8�; ½0:0; 0:1�i=u1; h½0:9; 1:0�; ½0:0; 0:1�; ½0:6; 0:7�i=u2gÞ;
ðhx8; ½0:8; 0:9�; ½0:2; 0:3�; ½0:3; 0:4�i; fh½0:6; 0:7�; ½0:2; 0:3�; ½0:3; 0:4�i=u1; h½0:0; 0:1�; ½0:1; 0:2�; ½0:9; 1:0�i=u2gÞ;

ðhx9; ½0:0; 0:1�; ½0:7; 0:8�; ½0:8; 0:9�i; fh½0:8; 0:9�; ½0:7; 0:8�; ½0:2; 0:3�i=u1; h½0:0; 0:1�; ½0:4; 0:5�; ½0:2; 0:3�i=u2gÞ
�
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Step 3. We construct ivnpivn-matrices F 1½9� 2� and
F 3½9� 2� for F 1 and F 3, respectively as

Step 4. We calculated the similarity between F 1½9� 2�
and F 3½9� 2� as
SðF 1½9� 2�;F 3½9� 2�Þ ¼ 0:94

Step 5. Here the F 1½9� 2� and F 3½9� 2� are
significantly similar. Therefore, we conclude that

the person is possibly suffering from cancer.

7 Comparison analysis and discussion

In this section, we present a comparative analysis aiming to

certify the feasibility of the proposed method based on

similarity measures. The comparative analysis compares

the proposed method with four other methods which

use similarity measure based on distance measures under

ivnpivn-soft set environments.

Firstly, proposed method, the method 1 based on

Hamming distance measure, method 2 based on normalized

Hamming distance measure, method 3 based on Euclidean

distance measure and method 4 based on normalized

Euclidean distance measure between two ivnpivn-soft set

are compared. The results from the different methods used

to resolve the decision-making problem in Example 13 are

shown in Table 1.

From Table 1, similarity measure between two ivnpivn-

soft set are significantly similar in method 2 and 4.

Therefore, we conclude that the person is possibly suffer-

ing from cancer in the methods. Similarity measure

between two ivnpivn-soft set are not significantly similar in

the method 1 and method 3. Therefore, we conclude that

the person is not possibly suffering from cancer in the

methods.

Secondly, the method 1 based on Hamming distance

measure, method 2 based on normalized Hamming distance

measure, method 3 based on Euclidean distance measure

and method 4 based on normalized Euclidean distance

measure between two ivnpivn-soft set are compared. The

results from the different methods used to resolve the

decision-making problem in Example 14 are shown in

Table 2.

From Table 2, similarity measure between two ivnpivn-

soft set are significantly similar in proposed method,

method 2 and 4. Therefore, we conclude that the person is

possibly suffering from cancer in the methods. Similarity

measure between two ivnpivn-soft set are not significantly

similar in the method 1 and method 3. Therefore, we

F 1½9� 2� ¼

h½0:5; 0:7�; ½0:1; 0:2�; ½0:7; 0:8�i h½0:5; 0:6�; ½0:1; 0:3�; ½0:8; 0:9�i h½0:4; 0:6�; ½0:1; 0:3�; ½0:4; 0:5�i
h½0:7; 0:8�; ½0:0; 0:1�; ½0:1; 0:2�i h½0:6; 0:7�; ½0:1; 0:2�; ½0:1; 0:3�i h½0:6; 0:7�; ½0:3; 0:4�; ½0:8; 0:9�i
h½0:3; 0:6�; ½0:2; 0:3�; ½0:3; 0:4�i h½0:5; 0:6�; ½0:2; 0:3�; ½0:3; 0:4�i h½0:4; 0:5�; ½0:2; 0:4�; ½0:7; 0:9�i
h½0:6; 0:7�; ½0:1; 0:2�; ½0:2; 0:3�i h½0:6; 0:7�; ½0:1; 0:2�; ½0:2; 0:3�i h½0:3; 0:6�; ½0:3; 0:5�; ½0:8; 0:9�i
h½0:4; 0:5�; ½0:2; 0:3�; ½0:3; 0:4�i h½0:4; 0:6�; ½0:1; 0:3�; ½0:2; 0:4�i h½0:7; 0:9�; ½0:2; 0:3�; ½0:4; 0:5�i
h½0:3; 0:5�; ½0:7; 0:8�; ½0:2; 0:6�i h½0:5; 0:7�; ½0:3; 0:5�; ½0:4; 0:8�i h½0:2; 0:6�; ½0:5; 0:6�; ½0:3; 0:7�i
h½0:3; 0:8�; ½0:6; 0:7�; ½0:5; 0:9�i h½0:5; 0:9�; ½0:5; 0:8�; ½0:7; 0:9�i h½0:3; 0:7�; ½0:8; 0:9�; ½0:4; 0:5�i
h½0:2; 0:6�; ½0:3; 0:4�; ½0:5; 0:7�i h½0:4; 0:7�; ½0:7; 0:9�; ½0:3; 0:6�i h½0:6; 0:7�; ½0:2; 0:4�; ½0:1; 0:5�i
h½0:1; 0:2�; ½0:5; 0:6�; ½0:1; 0:6�i h½0:3; 0:4�; ½0:2; 0:3�; ½0:4; 0:6�i h½0:6; 0:9�; ½0:4; 0:7�; ½0:6; 0:8�i
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F 3½9� 2� ¼

h½0:3; 0:4�; ½0:5; 0:6�; ½0:4; 0:5�i h½0:1; 0:2�; ½0:7; 0:8�; ½0:0; 0:1�i h½0:0; 0:1�; ½0:9; 1:0�; ½0:9; 1:0�i
h½0:1; 0:2�; ½0:3; 0:4�; ½0:6; 0:7�i h½0:0; 0:1�; ½0:5; 0:6�; ½0:8; 0:9�i h½0:1; 0:2�; ½0:0; 0:1�; ½0:3; 0:4�i
h½0:2; 0:3�; ½0:4; 0:5�; ½0:6; 0:7�i h½0:1; 0:2�; ½0:0; 0:1�; ½0:6; 0:7�i h½0:8; 0:9�; ½0:9; 1:0�; ½0:0; 0:1�i
h½0:5; 0:6�; ½0:6; 0:7�; ½0:3; 0:4�i h½0:0; 0:1�; ½0:6; 0:7�; ½0:1; 0:2�i h½0:4; 0:5�; ½0:7; 0:8�; ½0:2; 0:3�i
h½0:3; 0:4�; ½0:7; 0:8�; ½0:9; 1:0�i h½0:9; 1:0�; ½0:6; 0:7�; ½0:7; 0:8�i h½0:8; 0:9�; ½0:4; 0:5�; ½0:2; 0:3�i
h½0:6; 0:7�; ½0:4; 0:5�; ½0:5; 0:6�i h½0:1; 0:2�; ½0:8; 0:9�; ½0:9; 1:0�i h½0:3; 0:4�; ½0:4; 0:5�; ½0:1; 0:2�i
h½0:7; 0:8�; ½0:9; 1:0�; ½0:1; 0:2�i h½0:1; 0:2�; ½0:7; 0:8�; ½0:0; 0:1�i h½0:9; 1:0�; ½0:0; 0:1�; ½0:6; 0:7�i
h½0:8; 0:9�; ½0:2; 0:3�; ½0:3; 0:4�i h½0:6; 0:7�; ½0:2; 0:3�; ½0:3; 0:4�i h½0:0; 0:1�; ½0:1; 0:2�; ½0:9; 1:0�i
h½0:0; 0:1�; ½0:7; 0:8�; ½0:8; 0:9�i h½0:8; 0:9�; ½0:7; 0:8�; ½0:2; 0:3�i h½0:0; 1:0�; ½0:4; 0:5�; ½0:2; 0:3�i

2

6

6

6

6

6

6

6

6

6

6

6

6

6

6

6

6

4

3

7

7

7

7

7

7

7

7

7

7

7

7

7

7

7

7

5

Neural Comput & Applic (2018) 29:187–203 201

123



conclude that the person is not possibly suffering from

cancer in the methods.

The reasons why the differences exist is given as. The

some methods does not consider the normalized values

of distance measures while the other methods does. In

addition, the methods use both distance measure and

similarity measure while the proposed method used the

only similarity measure and the results of these methods

may be different with the change in distance measures.

Also the distance measures cannot take into account the

included angle between two ivnpivn-soft set while the

proposed similarity measure can. Consequently, the

methods and the proposed method may have different

results. Generally speaking, the proposed method can

effectively tackle the decision-making problems under

ivnpivn-soft set environments including medical

diagnosis.

8 Conclusion

In this paper, we define the notion of interval-valued

neutrosophic parameterized interval-valued neutrosophic

soft set, called ivnpivn-soft set, in a new way by using

interval-valued neutrosophic set and soft set. Furthermore,

we proposed some definitions and operations on ivnpivn-

soft set and constructed ivnpivn-soft matrix which are more

functional to make theoretical studies in the ivnpivn-soft set

theory. Also, ivnpivn-soft set can be expanding with new

research subjects such as algebraic structures, graph, soft

computing techniques and game theory.
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