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1. INTRODUCTION

I 1999, Molodtsov [36] has introduced the concept of soft sets. The soft set
theory successfully models the problems which contains uncertainties. In literature,
there are theories, such as probability, fuzzy sets [47], intuitionistic fuzzy sets [8],
rough sets [41] that are dealing with the uncertain data.

In this work we use soft set theory. The operations (e.g. [16, 19, 33, 43]) and
applications (e.g. [2,3,4,5,7, 15,17, 38, 42, 45]) on soft set theory have been studied
by some researcher. In recent years, many decision making on soft set theory have
been expanded by embedding the ideas of fuzzy sets (e.g. [I, 6, 10, 11, 18, 20, 21,

, 23,29, 32, 35, 40, 46, 44]), intuitionistic fuzzy sets (e.g. [8, 9, 12, 13, 14, 27, 30,

, 37, 39]) and rough sets [6, 24].

Majumdar and Samanta[34] give two types of similarity measure between soft sets
and have shown an application of this similarity measure of soft sets. Kharal [26] give
counterexamples to show that Definition 2.7 and Lemma 3.5 contain errors in [34].
In [26], a new measures have been presented and this measures have been applied
to the problem of financial diagnosis of firms. Also, Jiang et al. [28] further studied
on intuitionistic fuzzy soft sets based on distance measure and entropy measure.

In this paper, we first present the basic definitions and theorem of soft sets, fuzzy
sets, intuitionistic fuzzy sets and intuitionistic fuzzy soft sets that are useful for sub-
sequent discussions. We then define distances and similarity measures between two
intuitionistic fuzzy soft (IFS) sets. By using the similarity we construct a decision
making method. We finally give an application, which shows that the similarity
measures can be successfully applied to a medical diagnosis problem that contains
uncertainties.

2. PRELIMINARY

In this section, we present the basic definitions of soft set theory [19, 36], fuzzy set
theory [17], intuitionistic fuzzy set theory [3] and intuitionistic fuzzy soft set theory
[14] that are useful for subsequent discussions.

Definition 2.1 ([19]). Let U be a universe, P(U) be the power set of U, E be a set
of parameters that are describe by the elements of U, and A C E. Then, a soft set
F4 over U is a set defined by a set valued function f4 representing a mapping

(2.1) fa: E— P(U) such that fa(x) =@ if v € E — A,

where f4 is called approximate function of the soft set Fl4. In other words, the soft
set is a parametrized family of subsets of the set U, and therefore it can be written
a set of ordered pairs

Fa={(z,falx)):z € E, falx)=2ifx € E— A}.
Definition 2.2 ([17]). Let U be a universe. Then a fuzzy set X over U is defined
as;
X = {(ux(w)/u) su e U},

where px : U — [0.1].
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Here, px is called membership function of X, and the value px (u) is called the
grade of membership of u € U in the fuzzy set X. The value represents the degree
of u belonging to the fuzzy set X.

Definition 2.3 ([8]). Let E be a universe. An intuitionistic fuzzy set A on E can
be defined as follows:

A={<z,pa(z),va(z) > x€FE}

where, ug : E — [0,1] and v4 : E — [0,1] such that 0 < pa(x) + va(z) <1
for any « € E. Here, pa(x) and va(z) is the degree of membership and degree of
non-membership of the element x, respectively.

Definition 2.4 ([8]). A ={< z,pa(z),va(z) > z € E}and B ={< z,up(z),vp(z) >:
x € E} are two intuitionistic fuzzy sets on E. Then
(1) Ac Bifand only if pa(z) < pup(x) and va(z) >
(2) A= B ifand ounly if pa(z) = pp(x) and va(z) =
(3) A°={<z,va(x),pa(x) > x € E}.
(4) AUB = {< z,max(ua(z), ps(x)), min(va(z),ve(z
(5) ANB ={<=z,min(pa(z), np(z)), maz(va(z),vs(
(6) A+ B ={<w pux(z)+py(@) — px(@)py(z),vx(@)vy(z) > z € B}
(7) A-B = {< 2, pa(@)pn(z), va(x) + vi(z) — va(z)

Definition 2.5 ([11]). Let U be a initial universe, F' be a intuitionistic fuzzy subset
of U, FE be a set of all parameters. Then an intuitionistic fuzzy soft set(or namely
IFS-set), denoted I'4, is defined as

Ta={(z,74(2)) : 2 € E,ya(z) € F(U)},
where y4 : E — F(U) such that y4(z) = & if # ¢ A and & is intuitionistic fuzzy
empty set. Moreover y4(z) is an intuitionistic fuzzy set. So it is denoted by
Ya(@) = {(u, pa(u),va(u)) :ue U}

for all x € E. Moreover, pa : U — [0,1] and v4 : U — [0,1] with the condition
0 < pa(u)+va(u) <1, for all w € U. The numbers p14(u) and v4(u) denote the
membership degree end non-membership degree of u € U to the intuitionistic fuzzy
set v4(x), respectively.

Example 2.6. Suppose that there are five cars in the universe U = {u, ua, us, uq, us }
under consideration “xr; =large”, “xy =costly”, “xs =secure”, “x4 =strong”, “xs; =
economic” and”, “xg = repair”. Therefore parameter set is E = {1, z2, x5, T4,
x5,x6}. Let A ={xy,x9,23,24}.

A customer to select a car from the auto agent, can construct a IFS-set I' 4 that
describes the characteristic of cars according to own requests. Assume that

va(z1) = {(u1,0.5,0.2), (uz,0.5,0.2), (us3,0.5,0.2), (ug,0.5,0.2) },
valzs) = {(ur,0.6,0.4), (us,0.9,0.1), (uz, 0.5,0.3), (ug,0.1,0.9)},
va(zs) = {(u1,0.7,0.2), (u2,0.8,0.1), (u3,0.2,0.16), (uyg,0.4,0.5) },

va(ze) = {(u1,0.4,0.3), (u2,0.2,0.7), (us,0.8,0.2), (ug,0.2,0.1)}.
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Then we have
T'a { 1, , (u2,0.5,0.2), (us,0.5,0.2), (uq,0.5,0.2) },

(21, {(u1,0.5,0.2), ( ) (

(xg,{(u1,0.6,04),(u 0.9,0.1), (u3,0.5,0.3), (ug,0.1,0.9)},
(w3, {(u1,0.7,0.2), (u2,0.8,0.1), (uz, 0.2,0.16), (ug,0.4,0.5)},
(w4, {( ) ( ) (

24, {(u1,0.4,0.3), (u2,0.2,0.7), (us, 0.8,0.2), (ug, 0.2,0.1) }}

Z3, ) )

3. SIMILARITY MEASURES OF IF'S-SETS

In this section, we first present the basic definitions of distances between two
intuitionistic fuzzy sets [9] and two soft sets [34] that are useful for subsequent
discussions. We then define some distances and similarity measures of IFS-sets.

Definition 3.1 ([9]). Let U = {z1,x2,23,...,2,} be a universe and A, B be two
intuitionistic fuzzy sets over U with their membership functions g4, up and non-
membership functions v4,vpg, respectively. Then the distances of A and B are
defined as,
(1) Hamming distance(HD);
1 n
d(4,B) = 5 > llua(@:) = pp (@)l + [vale:) — ve ()]
i=1
(2) Normalized Hamming distance(NHD);

n

ol — )| + vale:) — vl

i=1

(3) Euclidean distance(ED);

I(A,B) =

n

e(4,B) = % Z[(MA(M) — 1B(2:)? + (va(zi) — vp(2:)?].

(4) Normalized Euclidean distance(NED);

n

1

¢(4,B) = | 5~ Y lnal@s) = pp(@:)? + (walz:) — va(@:)?].
i=1

Definition 3.2 ([34]). Let U = {u1,uz,us,...} be a universe, £ = {x1,z3,23,...}

be a set of parameters, A, B C F, and F4 and Gp be two soft sets on U with their

approximate functions f4 and gp, respectively.

If A= B, then similarity between F4 and Gpg is defined by

Dici A(zi; - gB(T;

S(F 7G ): 5
P s maxlfate® gp (@]

where

fA(CUz‘; = (X () (W) Xfa (@) (U2)5 X fa () (U3), 1),

93(1‘13 = (XQB(Ii)(u1)7 ng(xi)(UQ)’ ng(:ri)(u?r)v )
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and

17 j i ]-a j %
v ={ g GHE et =1 61 G 0o

If A# B and C = AN B # @, then fA(J:,L-; =0 for z; € B/C and gB(a:i; =0 for
If ANB =@, then S(F4,Gp) =0 and S(F4,F5) =0 as fA(:vi;~f2(aci; =0 for

all 7.

Definition 3.3 ([341]). Let F4 and Gg be two soft sets over U. Then, F4 and Gp
are said to be a-similar, denoted as Fy ~* Gp, if and only if S(F4,Gp) > « for
a € (0,1).

Definition 3.4 ([34]). Let U = {u1,uz,us,...} be a universe, £ = {x1, z2, 23, ...}
be a set of parameters, A,B C E and F4,Gp be two soft sets on U with their
approximate functions f4 and gp, respectively. Then, the distances of F4 and Gpg
are defined as,

(1) HD;
1 m n
UErGr) = {3517t ) — g ) |
i=1 j=1
(2) NHD;
1 m n
1, Ga) = = 503 o) - ante) )
(3) ED;
o(Fa,Gn) = | = 3= 3" (falea) ) — g (i) ()2
(4) NED;
0(Fa,Go) = | = D03 (Fal) () — g (i) ()2

Definition 3.5 ([34]). Let F4 and G be two soft sets over U. Then, by using the
ED, similarity measure of F4 and Gp is defined as,

1

§'(Fu,Gp) = —————.
(Fa,Gr) = 17 e(Fa,Gp)

Another similarity measure of F4 and Gp can be defined as,
s"(Fa,Gp) =m0 Gn),

where « is a positive real number called the steepness measure.
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Definition 3.6. Let U = {uy, ug, ..., un } be a universe, E = {z1,xa, ..., Z;n } be a set
of parameters, A, B C F and I'4, A be two IFS-sets on U with their intuitionistic
fuzzy approximate functions v4(z;) = {(u,pa(u),va(u)) : u € U} and Ap(x;) =
{(u, pp(u),vp(u)) : u € U}, respectively.

If A= B and pa(x;)(u;) —va(z)(u;) # 0 or pup(z;)(u;) — ve(z;)(u;) # 0 for at
least one i € {1,2,...,n} and j € {1,2,...,m}, then similarity between Iy and Ap is
defined by

Srrs(Ta,Ap) =
S S (@) (ug) — vala) (uy) - (s (i) () — v (@) (u)))]

Sty oy maw{|[pa (e (uz) — vale:) (uy)[2, s (o) (ug) — vm(aa) (uy)[[2)

where

= (palzi)(u1), pa(wi)(uz), .. pa(zi)(un)),
= (va(@)(ua),va(wi)(uz), ..,va(wi)(un)),
= (up(zi)(w), pp(2i)(uz), ., pp(2:) (un)),
= (ws(@)(w), vp(zi)(u2), ... v (i) (un)).
If A= B and pa(z;)(u;) —va(x;)(u;) =0 and pp(z;)(u;) — ve(z:)(u;) = 0 for

all 7 € {1,2,...,71} and j € {1,2, ...,m}, then S]FS(FA,AB) =1.

Example 3.7. Assume that U = {uy,us, us, us} is a universal set, £ = {x1, xa,
x3,x4} is a set of parameters, A = {x1,22,24}, B = {21, 22,24} are subsets of E.
If two IFS-sets I' 4 and Ag over U are contracted as follows;

T'a= {(xl, {(u1,0.5,0.5), (u2,0.4,0.5), (us3,0.7,0.2), (u4,0.8,0.1)}),
(22, {(u1,0.4,0.6), (usz,0.2,0.7), (us,0.2,0.8), (u4,0.2,0.2)}),
(x4, {(u1,0.2,0.7), (u2,0.1,0.9), (us3,0.5,0.4), (u4, 0.7, 0.2)})},

Ap = {(xl, {(ul, 0.2, 0.7), (UQ, 0.1, 0.9), (U3, 0.5, 0.4), (U4, 0.4, 0.4)}),
(22, {(u1,0.5,0.5), (u2,0.4,0.5), (us,0.3,0.6), (u4,0.4,0.5)}),
(4, {(u1,0.4,0.6), (u2,0.2,0.7), (us,0.2,0.8), (uq, 0.2, 05)})}

Then we can obtain
= (0.5,0.4,0.7,0.8),
=(0.4,0.2,0.2,0.2),
= (0.2,0.1,0.5,0.7),
= (0.2,0.1,0.5,0.4),

( )

( )

= (0.5,0.5,0.2,0.1),
= (0.6,0.7,0.8,0.2),
=(0.7,0.9,0.4,0.2),
= (0.7,0.9,0.4,0.4),
= (0.5,0.5,0.6,0.5),
= (0.6,0.7,0.8,0.5)

= (0.5,0.4,0.3,0.4),
=(0.4,0.2,0.2,0.2),

(1) (u;) — valzr)(u;) = (0.0,—-0.1,0.5,0.7),
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(pra(w2)(u;) — valwa)(uy) = (=0.2,-0.5,-0.6,0.0),
(ra(wa) (uj) — va(ws)(u;) = (~0.5,-0.8,0.1,0.5),
(e5(21) (u;) = vp (1) (u;) = (=0.5,-0.8,0.1,0.0),

(15 (w2) (u;) — vp (w2) (u;) = (o 0, 0 1,-0.3,—0.1),

(3 (24) (w5) — v (24) (43) = (=0.2,=0.5,-0.6, =0.3).
Now the similarity between I"4 and Ap is calculated as

Srrs(Ta,Ap) =0.31.

Theorem 3.8. Let E be a parameter set, A,B C E andI'4 and Ap be two IFS-sets
over U. Then the followings hold :

(i) Strs(Ta,Ap) = Srrs(Ap,Ta).

(ii)) 0 < Srrs(Ta, Ap) < 1.

(i) Srps(Ta,Ta) = 1.
Proof. Proof easly can be made by using Definition 3.6. g
Definition 3.9 ([28]). Let U = {uq,us,...,un} be a universe, E = {x1,x2, ..., Tm }
be a set of parameters, A,B C E and I'4,Ap be two IFS-sets on U with their
intuitionistic fuzzy approximate functions y4(z;) = {(u, pa(u),va(w)) : uw € U} and
Ag(x;) = {(u, pp(u),vp(w)) : u € U}, respectively. Then the distances of 'y and
Ap are defined as,

(1) HD,

dips(Ta, Ap) =
{ zmjz a0 = o) )]+ o) o) = o)) |
(2) NHD,
s, ) =
ot ZZ fuae)u5) = ()0 + a0 |
(3) BD,

etps(la,Ap) =

(é DD Mwalwa)(uy) = ps(a) (uy)* + (vale:) (uy) - VB(ffi)(Uj))z])

i=1 j=1
(4) NED,

=

q?FS(FAvAB) =

(%lm Z Z[(MA(mi)(uj) — e () (14))* + (va(z:)(u;) — VB(xi)(uj))ﬂ)
o 847
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Now we give distance measure of IFS-sets with propositions by adding a weighted
value for element of parameter set in Jiang et al. [28].

Definition 3.10. Let U = {u,us, ..., un} be a universe, E = {1, x2,...,Zm} be a
set of parameters, A, B C F and I'4, A be two IFS-sets on U with their intuitionistic
fuzzy approximate functions va(z;) = {(u,pa(u),va(u)) : u € U} and Ap(x;) =
{(u, pp(u),vp(u)) : uw € U}, respectively. Then the distances of I'y and Ap are
defined as,

(1) weighted HD,
(T, Ap) =
{ iwz ) 05) — e )| + () ) — ()0 |
(2) weighted NHD,
lfps(Ta, As) =
d iwém(m(u» ~ las) )]+ a(ei)(05) = v(as) ()] .
(3) weighted ED,
cls(Tas M) =

(; Z w; Z[(m(mi)(uj) — (@) (ug))? + (vale:)(uy) - VB(xi)(uj)m)

(4) weighted NED,

N

q}UFS(FAvAB) =

(Qﬂlm > wi Y palwi) () — ps (i) (7)) + (valz:) (uy) — VB(xi)(uj))2]> E,
=1 j=1
where w; € [0, 1] is called weight of x;.

Example 3.11. Let us consider the Example 3.7 and w; = 1 for all parameter x;.
Then, the distances of I'4 and Ap are calculated as follows;

d¥ps(Ta,Ap) = 0.07,
I¥.s(Ta,Ag) = 0.37,
G}UFS(FA,AB) = 028,
q}UFS(FA,AB) = 0.19.

Theorem 3.12. Let E be a parameter set, A,B C E andI'4 and A be two IFS-sets
over U. Then the followings hold :
(i) dfpg(Ta,AB) < mn.
(ii) Z}UFS(FA,AB) <1.
(ill) e¥pg(Ta,Ap) < /mn.
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(iv) arps(Ta, Ap) < 1.

Proof. Proof easily can be made by using Definition 3.10. 0

Theorem 3.13. Let IFS(U) be a set of all IFS-sets over U. Then the distances
functions d¥pg, Iipg, €fpg, and ¢frg defined from IFS(U) to the non-negative real
number RT, are metric.
Proof. We give only proof for dfpg. 'y, ApandY¢c € IFS(U), then
o dYpg(Ta,Ag) >0Vi={1,2,...,m},j ={1,2,...,n}.
Suppose dfpg(T'a,Ap) = 0. Then
a(wi)(uz) = pp (@) (u)| + [va(z:)(u;) — ve (@) (u;)| = 0.
Thus
pa(wi)(ug) = pp (i) (ug) Ava(z:)(u;) = vp(z:)(uy).
So FA = AB-
Conversely, suppose I'y = Ap. Then
pa(@i)(uy) = pp (i) (u;) Ava(z:)(u;) = ve(z:)(u;).
Thus
a(wi)(uz) — pp (@) (u)| + [valz:)(u;) — ve(2i)(u;)| = 0.
So d?FS(FA,AB) =0.
e Clearly, dipg(I'a,Ap) = dipg(Ap, T'a).
e Triangle inequality follows easily from the observation that for any three
IFS-sets I'4. Ap and Y, Vi ={1,2,...,m},j ={1,2,...,n}. For
a(wi)(uz) — pp (@) (ug)| + [va@:) (u;) — ve(zi)(u;)]
= lpalwi)(u;) — po(@:)(ug) + po (@) (u;) — pp () (uy)]
+ IVA(%)(UJ) —vo(wi)(ug) +vo(wi) (u;) — vp (i) (u;)]
< lpa(@i)(uy) — po (i) (uy)] + [po (@) (u)) — pa (@) (u;)]
+ [va@i)(uj) — ve (@) (ug)| + lve (i) (us) — ve(z:) (u;)].

Then, we have
dips(Ta,Ag) < dfps(la, Teo) + dips(Te, Ap).
The others proofs can made similarly. O

Definition 3.14. Let 'y and Ap be two IFS-sets over U. Then, by using the
Hamming distance, similarity measure of I' 4 and Ap is defined as

1
1+ d¥%g(Ta,AB)

Another similarity measure of F4 and Gp can be defined as,

S;/FS(FAv AB) — ¢~ d7rs(Ta,AB)

Strs(Ta,Ap) =

where « is a positive real number called the steepness measure.
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Definition 3.15. Let I'4 and Ag be two IFS-sets over U. Then, I' 4 and A are said
to be a-similar, denoted as I'4 ~* Ap, if and only if S’"(T'4,Ap) > « for a € (0,1).
We call the two IFS-sets significantly similar if S} ,4(Ta,Ap) > 1.

Example 3.16. Let us consider the Example 3.11. Similarity measure of I" 4 and
A g is obtained as

1
' o(Da, Ag) = =0.73.
St1rs(Ta,Ap) TS 0.73

I'4 and Ap is significantly similar because Spg(I'a, Ap) = 0.73 > %

Theorem 3.17. Let E be a parameter set, A,B C E and T 4 and Ag be two IFS-sets
over U. Then the followings hold :

(1) 0< Stps(Ta,Ap) <1.

(ii) S7ps(La;Ap) = Stpg(Ap,Ta).

(111) S}FS(FA,AB) =lely= AB.

Proof. Proof easly can be made by using Definition 3.14. d

4. DECISION MAKING METHOD

In this section, we construct a decision making method that is based on the
similarity measure of two IFS-sets. The algorithm of decision making method can
be given as;

Step 1: Constructs a IFS-set I'4 over U based on an expert,

Step 2: Constructs a IFS-set Ag over U based on a responsible person for the
problem,

Step 3: Calculate the distances of I'y and Ap,

Step 4: Calculate the similarity measure of I'y and Ap,

Step 5: Estimate result by using the similarity.

Now, we can give an application for the decision making method. By using the
weighted HD, similarity measure of two IFS-sets can be applied to detect whether
an ill person is suffering from a certain disease or not.

5. APPLICATION

In this applications, we will try to estimate the possibility that an ill person
having certain visible symptoms is suffering from cancer. For this, we first construct
a IFS-set for the illness and a IFS-set for the ill person. We then find the similarity
measure of these two IFS-sets. If they are significantly similar, then we conclude
that the person is possibly suffering from cancer. [It is adopted from [34]]

Example 5.1. Assume that our universal set contain only two elements cancer and

not cancer, i.e. U = {uj,uz}. Here the set of parameters A = B = E is the set

of certain visible symptoms, let us say, £ = {x1,x9, x3, x4, T5, T¢, T7, Ts, Tg} Where

x1 = jaundice, zo = bone pain, x3 = headache, x4, = loss of appetite, x5 = weight

loss, x¢ = heal wounds , x7 = handle and shoulder pain, g = lump anywhere on

the body for no reason and xg = chest pain and also w; =1 for all i =1,2,....,9.
850
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Step 1: Constructs a IFS-set I' 4 over U for cancer is given below and this can
be prepared with the help of a medical person:

Iy = { (1, {(u1,0.5,0.5), (u2,0.4,0.5)}), (w2, {(u1,0.7,0.2), (uz2,0.8,0.1)}),
(23, {(u1,0.4,0.6), (u2,0.2,0.7)}), (24, {(u1,0.2,0.8), (u2,0.2,0.2)}),
(x5, {(11,0.2,0.7), (u2,0.1,0.9)}), (w¢, {(us3,0.5,0.4), (uyg,0.7,0.2) }),
(x7,{(v1,0.3,0.7), (u2,0.4,0.4)}), (ws, {(u1,0.5,0.2), (u2,0.7,0.1)}),
(9, {(u1,0.3,0.4), (u2,0.7,0.1) }) }

Step 2 : Constructs a IFS-set Ap over U based on data of ill person:

Ap = { (21, {(u1,0.9,0.1), (u2,0.9,0.0)}), (w2, {(u1,0.1,0.9), (uz2,0.1,0.8)}),
(23, {(u1,0.7,0.1), (u2,0.8,0.9)}), (24, {(u1,0.9,0.1), (u2,0.9,0.8) }),
(x5, {(u1,0.9,0.1), (u2,0.9,0.2)}), (z¢, {(u3,0.1,0.9), (u4,0.1,0.8)})
(z7,{(u1,0.9,0.1), (u2,0.7,0.9)}), (xs, {(ul,O 9,0.9), (u2,0.1,0.9)}),
(29, {(u1,0.8,0.1), (u2,0,1)}) }
Step 3 : Calculate weighted HD of I'4 and Ap,
Step 4 : Calculate the similarity measure of 'y and Apg,
1 1
S Ta, A ~2048 < —.
IFS( A B) 1+dIF5(FA;AB) 2

Step 5 : Hence the two IFS-sets, i.e. two symptoms I'y and Ap are not
significantly similar. Therefore, we conclude that the person is not possibly
suffering from cancer.

Example 5.2. Let us consider Example 5.1 with different ill person.

Step 1 : Constructs a IFS-set for cancer I' 4 is in the Example 5.1
Step 2 : A person suffering from the following symptoms whose corresponding
IFS-set T¢ is given below:

To = { (21, {(u1,0.5,0.4), (uz,0.4,0.4)}), (2, {(u1,0.7,0.1), (us,0.8,0.1)}),
(z3,{(u1,0.4,0.5), (u2,0.2,0.6)}), (x4, {(u1,0.2,0.7), (uz,0.2,0.1)}),
(x5, {(u1,0.2,0.6), (ug,0.1,0.8)}), (x¢, { (us, 0.5,0.3), (uc, 0.7,0.1)})
(x7,{(u1,0.2,0.6), (u2,0.1,0.8)}), (zs, {(u1,0.5,0.3), (u2,0.7,0.1)}),
(o0 (005,03, (2, 0.7.0.0) .

Step 3 : Calculate weighted HD of I'4 and Ap,
dirs(Ta,Ap) =0,41.

Step 4. : Find the similarity measure of these two IFS-sets as:

1 1
S Ta, T =071 > .
res(Ta o) = T o) 3
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Step 5 : Here the two [FS-sets, i.e. two symptoms I'4 and T ¢ are significantly
similar. Therefore, we conclude that the person is possibly suffering from
cancer.

6. CONCLUSION

In this paper, we have defined four types of distances between two IFS-sets and
proposed similarity measures of two IFS-sets. Then, we construct a decision making
method based on the similarity measures. Finally, we give two simple examples to
show the possibility of using this method by using Hamming distance for diagnosis
of diseases. In these example, if we use the other distances, we can obtain similar
result. The method can be applied to problems that contain uncertainty such as
problems in social, economic systems, pattern recognition, medical diagnosis, game
theory, coding theory and so on.
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