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Abstract

The similarity measure has turn into an imperative gizmo to determine similarity between two groups or
between two elements. Several similarity measures were insinuated by researchers operating on various
tools. In which some are probabilistic in nature and other are non-probabilistic in nature. Here we discuss
a non-probabilistic similarity measures proposed by fuzzy rough set approach. We also prove the validity
of this proposed measure and discuss it application for medical diagnosis. We also compare proposed
measures with existing ones. The proposed measures can provide a useful tactic to measure the
similarity between fuzzy rough sets.
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Introduction

In real life situation, the problems associated with medical science, social science, engineering,
economics etc. be inclusive of uncertainty, imprecision and vagueness. To deal with these types of
challenges conventional mathematical or statistical implements are not enough. Due to the interesting
nature of these types of dilemmas, many authors paying attention to modelling uncertainty and have
projected various theories recently. Theory of fuzzy sets [1], theory of intuitionistic fuzzy set [2], theory
of vague set [5], theory of rough set [3] are some of well-known theories. In trading with the obstacles
arising due to the vagueness present in the real world, all these theories are profitable to some level.
For the study and illustration of different types of data information such as numerical information,
interval-valued information, linguistic information and etc, the concepts such as cardinality, entropy,
distance measure and similarity measure which are associated these theories is extensively used.

One of the revolutionary theory known as fuzzy set theory is insinuated by Zadeh [1] in 1965. Due to its
potential for operating on uncertainty the theory of fuzzy set has accomplished to great success. Pawalk
[3] in 1982 initiated and developed another world-shattering notion known as rough set theory.
Although these two theories are operated to manage vague and imprecise information yet their
foundations and importance are different. Thus we say that these are diverse and complementary
generalizations of set theory. A fuzzy set allocates a membership value other than 0 and 1. A rough set
uses three membership functions, a reference set and its lower and upper approximation space. There
are huge analyses on the relationship between rough sets and fuzzy sets [6, 4, and 7]. For the
combination of rough and fuzzy sets several suggestions have been made. The effect of these analyses
directed towards the initiation of the notions of rough fuzzy sets and fuzzy rough sets [8, 9, 10, 11, and
12]. In [13] Yao state that a fuzzy rough set is originating from the approximation of a crisp set in a fuzzy
approximation space. It is a duo of fuzzy sets in which the membership of an element is influenced by
the degrees of similarity in all those elements in the set.The measurement of uncertainty is a significant
subject for the theories pact with uncertainty. For their wide functioning as different area the similarity
measure, distance measures, entropy in fuzzy set theory and the relationship among these measures
have been significantly studied. To reveal the degree of similarity between two objects, attributes and
sets a similarity measure is a significant tool. Due to their wide applications of real world, measures of
similarity between fuzzy sets have achieved interest in researchers. Different type of similarity measures
anticipated by researcher with their applications of several fields like pattern recognition, decision
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making, machine learning, data mining, market prediction and image processing. In recent years various
measures of similarity between some fuzzy sets have been insinuated and researched [14, 15]. To
measure the degree of similarity between fuzzy rough sets Zhang et al [16], recommend similarity
measures. Later Niu Qi et al. [17] also intended a new similarity measures on fuzzy rough sets. In this
paper, we proposed a sine trigonometric similarity measures between fuzzy rough sets and its elements.
Finally, we illustrate the problem of the contexts of medical diagnosis by similarity measures between
fuzzy rough sets and also compare with existing ones.The rest of paper is organized as follows. In section
2, we discuss theoretical background related to this paper in which we reviewed related term and
concepts. In section 3, some existing measures of similarity are reviewed, some rules which are
considered when we give a similarity measure between some fuzzy rough sets and its elements are
proposed. In section 4, we propose some new similarity measures between fuzzy rough sets and show
their validity. In section 5, the proposed similarity measures are applied to deal with a problem related
to medical diagnosis and compare it with existing ones. At last we conclude the paper.

2. Theoretical Ground

In this section we discuss some related concepts and terms of this paper.
Fuzzy Sets: A fuzzy set F on U is characterized by a membership function ug(x) : U — [0, 1], as
F = {x,up(x) : x € U}, where U is Universe of discourse. Then F¢ = {x,1 — uz(x) : x € U}. where F¢
is the complement of fuzzy set F.
The component-wise representation of fuzzy-set equality and inclusion are as:

F=G & pur(x) =ps(x), VxeU,

FSCG & pus(x) <pg(x), VxeU,
In various descriptions of complement, intersection and union of fuzzy sets, we prefer the standard max-
min system insinuated by Zadeh [1], in which fuzzy-set operations are outlined component-wise as:

pre =1 — pp(x),
trng () = min{ug (x), us (x)},

true () = max{up(x), pg (x)}.
A significant feature of fuzzy-set operations is that they are truth-functional. By using the membership

functions of the fuzzy sets one can achieve membership functions of the complement, intersection and
union of fuzzy sets.
Rough Sets: A brief recall of rough set is given in next definition:
Definition: Let U be a non-empty universe of discourse and R an equivalent relation on U, which is called
an indistinguishable relation, U/R = {X;,X,, .....,X,,} is all the equivalent class derived from R.
W = (U,R) are called an approximation space. VX € U, Suppose X = {x € U|[x] € X} and X =
{x e U|[x] n X # @}, a set pairs (K,Y) are called a rough set in W, and symbolized as X = (K,Y);K
and X are the lower approximation and the upper approximation of X on W respecectively.
The strong and weak membership function of a rough set can be characterized by characteristic function
of X and X respectively. Let the membership function of X and R indicated by Uy and up respectively.
Then lower and upper approximations expressed by the following two expressions:
Hrx) () = inf{ux(y) |y € U, (x,y) € R},

Hrooy () = suplux(¥) |y € U, (x,y) € R}, (2.1)
and

Brexy (x) = inf{l —pr(x,y) |y € A},

Uz () = sup{ugr(x,y) |y € A}, (2.2)
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Here definition (2.2) is not described for sets @ and U. In these circumstances, we basically classify
prany®) =1& uﬁ(m(x) = 0,Vx € U. In successive conversation, we will not clearly state these

definitions of boundary cases. Based on the two equivalent definitions, lower and upper approximations
may be interpreted as follows. An element x € X if any element not in X is not equivalent to x, namely,

ur(x,y) = 0.An element x € X if any element in X is equivalent to x, namely, iz (x,y) = 1. These two
aspects is significant in the combination of rough and fuzzy set. For convenience, the strong and weak
membership function of a rough set can be precise as:

trex) (%) = inf{max[uy(y), 1 — pur(x, )] |y € U},

Hzxy () = sup{min[uy(¥), ur(x,¥)] | y € U, (x,y) € R}, (2.3)
For reference sets XNY and XUY, (R(XN Y),R(X N Y)) and (R(XU Y),R(X U Y)) are the
intersection and union of two rough sets (R(X),R(X)) and (R(Y),R(Y)), respectively. With a
reference set X¢, the complement of rough-set is defined by (E(XC),E(XC)). In disparity between
fuzzy sets, rough-set intersection and union are not truth-functional as indicated by the properties:

L R(9) = (RX))',
R(X%) = (R(X))’,

2. RWU) =U,
R(D) = 0,

3" R(XNY)=RX) NR(),

R(XUY) =R(X)UR(),
R(XUY)2RX)UR(®),
R(XNY) S RX)UR(Y),

4. R(X) C X,
X CR(X),
5. XCcR (ﬁ(x)),
R (5(){)) C X,
6. R(X) € R(R(),
R (E(X)) c R(X).

Fuzzy Rough Sets: The approximation of a crisp set in a fuzzy approximation space is called a fuzzy rough
set. We exclaim the pair of fuzzy set (B(X),E(X)) a fuzzy rough set with reference set X € U. A fuzzy
rough set is characterized by a crisp set and two fuzzy sets:
Brexy(x) = inf{l —up(x,y) |y € A},
Hzxy () = sup{ug(x,y) | y € A},
Based on the properties of rough sets, one can see that fuzzy rough sets satisfy the properties: for
X,YcU,

1. R(X9) = (R(%),
R(x%) = (R(X))",
2. RWU) =U,
R(D) =0,
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3. RX NY)=RX) NR(Y),
R(XUY)=R(X)UR(),
R(XUY) 2 R(X) UR(Y),
R(XNY)SR(X)UR(),
4. R(X) € X,
X S R(X),
For fuzzy rough sets, we do not have properties similar to 5 and 6 described in rough sets. From above
conversation we classify fuzzy rough sets as:

Definition: Let S be the set of the whole rough sets, A = (4, 4) € S, then a fuzzy rough set X = (X,X)
in A can be expressed by a pair mapping pix, U3
Ux : X_)[Oﬁl]' Uy ¢ Y—>[0,1]
Also py < px, Vx € X. And then, a fuzzy rough set X in A could be signified by
X ={(x,ux, ux) IVx €X }. (2.4)
and {WK' Ux) [Vx € X} is called the value of fuzzy rough of x in A, still written as x.
Suppose X is a fuzzy rough set in A, when A is a finite set, then

n
X= Z(X' px (), g (x)) |x;, x; € X,
i=1
When A is continuous, then
X = f(ul, ux) |x, vx € X. over A.

The whole fuzzy rough set in 4 is renowned by FR(X).
Let X = (K, Y) be a fuzzy rough set in 4, X¢ = (XC,YC) is called the complementary set of X =

()_(, )_(), where pyc(x) = 1 — ux(x), Vx € X; ,uyc(x) =1—-pz(x), Vx € X,
The order relation in X is defined by the following condition:
x <y & uy(x) < px(y) and pz(x) < pzx(y).

Similarity Measures: A similarity measure or similarity function is a real-valued function that
enumerates the similarity between two objects. Although no specific definition of a similarity measures
subsisted, usually such measures are some implication of the inverse of distance measures. Similarity
measures are exploited in system configuration. Higher scores are given to more-similar quality, and
lower or negative scores for dissimilar quality.
A similarity measure is an authoritative measure if it convinced following condition:

1. 0<SA,B)<1
S(4,B) = 1 (or maximum similarity) if and only if A = B.
S(A,B) =0ifandonlyif B =1 — A or (A°).
S(A,B) = S(B,A) forall Aand B, where S(A4, B) is the similarity between data objects A and B.
IfAS BCC(C,thenS(4,B) = S(A4,C),and S(B,C) = S(4,C).

vk wnN

3. Some Similarity Measures
In recent years, various researchers and authors recommended and researched different similarity
measure of fuzzy sets and Intuitionistic fuzzy sets [14-19]. Chen [18] is one that gave the similarity
measure related to intuitionistic fuzzy set for measuring the degree of similarity between elements as
follows.
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Definition. Let x = [t,(x),1 — fy(x)] and y = [t4(¥), 1 — f4(y)] be two fuzzy values in IFS A. A degree
of similarity between the fuzzy values x and y can be estimated by the function M,

1

where S(x) = t4(x) — fa(x) and S(¥) = ta(y) — fa(¥).
Definition. Let x = [ t4(x), 1 — fu(x)] and y = [t4(¥), 1 — f4(¥)] be two fuzzy values in IFS A. A degree
of similarity between the fuzzy values x and y can be calculated by the function M,

My(x,y) =1 —%(ItA(x)l — 1taO + [faCOl = 1faO)D (3.2)
In [16], Zhang provide a similarity measure between two fuzzy rough sets and fuzzy rough values as
follows.
Definition. Let A be a fuzzy rough set in X, x = (ua(x), ta(®)),y = (ua(¥), ua(¥)) the fuzzy rough

values in A. The degree of similarity between the fuzzy rough values x and y can be assessed by the
function M,

1 .
M) =15 (| — )| - 1 - mB)]) B3
On the basis of fuzzy information handling he identified some axioms or rule which assured the
authenticity of similarity measures of fuzzy rough values. Consider x = (uy(x), us(x)),y =

(L), F(y)) and z = (uy(2), F(z)) be the fuzzy rough values in a fuzzy rough set A. Then M is the
similarity measure to quantify the degree of similarity between elements in 4, if persuade following
conditions:

1. (symmetry) M(x,y) = M(y,x).

2. (monotony) ifx <y <z, then

M(x,z) < min{M(x,y),M(y,z)}.
3. M(x,y) = 0iff (x =(0,0)) and (y = (1,1)); or (x = (1,1)) and (y = (0,0));
M(x,y) = 1iff (1a(0) = pa)) and (@) = 12 ).

4. M(x,y) = M(x,y°).

5 Vx€X,ifM(x,y) =M(x,z) = M(y,z) = 1.
Here the order relations of the fuzzy rough value as follow:

x <y & (@) < pa()) and (1200 < 12 ().

4. The Similarity measure between Fuzzy Rough Sets and its Elements
4.1. The measures of Similarity between the Elements of Fuzzy Rough Set:

Definition: let A € FR(X) and x = (u,(x), us(x)) € A. Then:

1. 7, = pu(x) — pya(x) is called the degree of indeterminacy of the element x € A.
2. px = pa(x) + Tps(x) = (1 + 7,) e (x) is called the degree of favor x € A

3. 0 =1—pu(x) + 14 (1 = uA(x)) is called the degree of against x € A.

Remarks. (1) x is more unspecified for superior value of t,.. If 7, = 1,i.e.uys(x) = 1and py(x) =0,
then we know nothing for x; if Vx € A,7, = 0, then the fuzzy rough set Ais a fuzzy set; if Vx €
A, ta(x) = uy(x) = 1(0), then the fuzzy rough set A is a common set.
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(2) The prior knowledge is considered when defining p, and a,, it can be interpreted by the voting
model. A fuzzy rough value [0.4,0.8] can be interpreted as “the vote for resolution is 4 in favor, 2
against and 4 abstention”. Then p,, = 0.4 + 0.4(0.8 — 0.4) = 0.56 can be interpreted as “considering
the vote for resolution as above, besides 4 in favor, it is possible that there is 0.4 X 4 favor in the
abstention”. Alike o, = 0.2 + 0.2(0.8 — 0.4) = 0.28 can be interpreted as “considering the vote for
resolution as above, besides 2 against, it is possible that there is 0.2 X 4 against in the 4 abstention.”

In 2008 Qi et al. proposed a similarity measures between fuzzy rough sets and its elements. The
similarity measures defined by them as:

Definition: Let A € FR(X) and 1, py, 0, as above. x = (uy(x), ta(x)),y = (ua(y), 1a(y)) in A. The
similarity degree between x and y can be evaluated by the function M,

1
M(x' y) =iz E (pxy g ny)r (4-1)

where py,, = |px = py| and gy, = |ax = ay|.
Corresponding to similarity measure - (1) of the elements of Fuzzy rough set we define trigonometric
similarity measures of fuzzy rough sets elements as:

LT 1
Msin(x; }’) = SlnE 1- E (ny + O-X}/) ) (42)

We will prove validity of these similarity measures by using following theorem.
Theorem 1. Let A € FR(X) and 1,, py, 0, as above. x = (uy(x), pa(x)),y = (ua(y), 1a(y))in A.Then
the similarity measure

R 1
Msin(x:}’) = SlnE 1§ E(pxy + O-xy)

is a valid measure.
Proof: To prove above theorem we first prove following lemma:
Lemma 1.1. let A € FR(X) and M, (x,y) is defined as above. Since x = (u,(x), uas(x)),y =

(ua), 1a®)) and z = (ua(2), ua(2)) € A. If x<y<z then
Mgin (x, ) < min{Mgi (x, ), Mgin (v, 2)}.

Proof. If x <y, then py(x) < pa(y) and pg(x) < pa(y). Let pa(x) = pa(y) —u and uy(x) = ua(y) —
v,whereu > 0andv > 0, Thent, =1, — (v —u).

Py = Px =u(l+ 1) + ua (W —u) Z ups(y) + pa (W —u) = vua(y) = 0, s0 Pz — Px =
Pz =Pyt Py —Px= max{pZ — Py, Py — px}, by the non-negativity of p, — p, and p,, — p,, we have
Pxz = max{pyy, py,}, then (1 = %(pxz s axz)) < min {(1 = % (pxy + axy)> / (1 —%(pyz + ayz)>}.

Thus we have Mg, (x, z) < min{Mg;,, (x,y), Msin (v, 2)}.
Lemma 1.2. Let A € FR(X) and M., (x, y) as above. Then:
1. Mg,(x,y) =0 (x =(0,0)and y = (1,1)) or (x =(1,1) and y = (0, 0)).

2. Msin(%,y) =1 pa(x) = pa(y) and pa(x) = pa(y).
Proof. (1) Initially, since 0 < py = pa(x) + Tapta(X) = () + (a0 — () kaC0) < pa@) +

(,uA(x) - ,uA(x)) = pa(x) < 1,then p,,, = |px - py| < 1. Correspondingly, we have o, < 1.
Subsequently, Mg, (x,y) = 0 & pyy + 0xy = 2 S pry = 1 = 0y,
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Ifaxy |O'x—0'y| =1,thenfrom0 <o, <1and0 < g, < 1limplieso, = 1and g, = 00rax = 0and
= 1.Similarly, if pyy, = |px — py| = 1, wegetp, = 1and p, = 0or p, = 0and p;, =

When o, =1, because o, = 1—m+1x(1— m) <1—ps(x) + 7, < 1—,uA_(x), thus
uA_(x) = 0; Since 0 < m <1l,s0l=g,= (1 — ,uA(x)) (1 + yA(x)) =1- (M)Z, it implies
that u,(x) = 0. When g, = 0, we have p,(y) = 1 by non-negativity of y4(y) and 7,.So, we have
Ua(x) = yA_(x) = px = 0and uy(y) = 1wheno, =1ando, = 0.

Similarly, we havem = MA_(}’) = py = 0and m = 1 when g, = 1and g, = 0.

Similarly, we retrieve that u,(y) = 0 and p,(x) = 1, when p,, = 1and p, = 0;and p, = land p,, =0
in that order.
Thus, pyy = 0y = 1 & (x =(0,0) and y = (1,1)) or (x = (1,1) and y = (0, 0)).

(2) First of all, Mgn(x,y) =1 pyy =0y, =0 p, =pyand o, = 0, & (,uA_(x) +1-—
F(x)) (1+Tx)=(uA_(y)+1—F(y)) (1+Ty) and (MA_OC)—1+m) 1+1y)=
(uA_(y)—1+m) (I+7)=0+7)1-1)=>0+1)A-T) =1, =71, = (%) —
1a() = ua(y) — pa ).

Second, from 7, =1, and (MA_(x) — 155 F(x)) A+1)= (uA_(y) -1+ F(y)) (1 S Ty) implies
m+uA_(x) = F()/)+M, thus we have p,(x) = pus(y) and pa(X) = pa(y). It is clear that
Pry = Oxy = 0if pa(x) = pa(y) and (%) = (). Thus Mg, (x, ) = 1.

Lemma 1.3. let A € FR(X) and My;,,(x,y) as above. Then Mg, (x,y) = My, (v, x) and Mg, (x,y) =

Msin(xc'yc)-
lemma 14. Let A€ FR(X) and My, (x,y) as above. If My, (x,y) = My, (x,z) Vx € X, then

Mgin (v, 2) = 1.
Proof. If for allx € X, My;,,(x,y) = Mg, (x, Z) then (pxy + axy) = (pxz + 0x,) and thus (|px 3 py| +
|ax — ay|) = (|lpx — pz| + loy — 0,]). Let x € X and x satisfies o, = 1, by the proof of above lemma,

we have p, = 0, thus (p, + |1 — 0y)|) = (p, + |1 — 0,]). Then (py — 0y) = (p, — 0;,) this implies

Pyz = 0yz. Let x € X such that us(x) =0, ps(x) =1, then py = 0, = 0, it implies that (py + cry) =
(p; + ;). Thus p,, = p, and o, = g, then p,,, = 7,, = 0,50 Mg, (y,2) = 1.

Since above all four lemmas satisfies the property of validity for a similarity measure of the fuzzy rough
sets elements. Thus our proposed measure is a valid measure.

4.2. The Measures of Similarity between the Fuzzy Rough Sets:

Definition: Let 4,B € FR(X), X = {x1, X5, e cec ., X 1. If ER(x) = (ua(x), pa(x)) is the fuzzy rough
value of x in A and FE(x) = (ug(x), ug(x))is the fuzzy rough value of x in B. Then the degree of
similarity between the fuzzy rough sets A and B can be calculated by the following:

Ssin(A4,B) = ZMsm (xj) Fg(xf))
_ S pA(x,-) ~PB (xj)) (GA(xj) L (xj))
—z sm— -

2 B 2

(4.3)
j=1
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where  p4(%) = paCe) + (aG) = pa(@)) uaC))  and  0u(xy) = 1 — paly) + (1aCep) —
.uA(xj)) (1 - #A(xj))-

It is clear that Sg;, (4, B) € [0,1],and A and B are more similar for superior value of Sg;,, (4, B).

The following inferences are evident.

Proposition 1. S;,, (4, B) = S5in(B,A), Sin(A,B) = Sgin (A€, BS).

Proposition2. Ssin(A,B) = 0 & (A=X7,(0,0)/x; and B = Y7L ,(1,1)/x;) or (A =
Y7(1,1)/x; and B = ¥71,(0,0)/x;).

Proposition 3. 5., (4,B) = 1 © uu(xj) = up(x)) and pu(x;) = pg(x;), Vx; € X.

We may define the order relation between the fuzzy rough sets:
ACS B S py(x) < pg(x) and py(x) < pp(x),Vx; € X

Proposition 4. For all 4,B,C € FR(X), AS B € C = S;,,(4,C) < min{Sg;, (A4, B), Ssin (B, C)}
Since above sine trigonometric measure satisfy all the condition of similarity measure so this measure is
a valid measure.
4.3. The Weighting Measures of Similarity between the Fuzzy Rough Sets
LetA,B € FR(X),X = {x1,x5, .. ...., X, }, Where

m

m
A= |G ] /x5, B= ) [1sCo) sG] /5, 3y € X,
j=1 /=

Assume that the weight of the element x; is w;, where w; € [0,1] and 1 < j < m, then the degree of
similarity between the fuzzy rough sets A and B can be calculated by the weighting function as follows:

2L WiMsin (Ff (%), Fi (x,-))

Wsin(A; B) = -
=
Yz v sin% 1-— (pA(xj) ;pB(xj)) - (GA(XJ') ; UB(xj))
Wsin (A; B) = _ (4.4)
j=T79

where W;,, (4, B) € [0, 1]. The largest value of W;,, (4, B) implies more similarity between A and B.

5. Application

The measures of similarity between the FRSs, can be utilized to quantify the significance of an attribute
in a specified organized task. Here we analysis the same application which is analyzed by Chengyi et al
[16]. Here we demonstrate this dilemma in the environment of colorectal cancer diagnosis. In this case,
we analyze the connection between the main prognostic factors and the effects of the patients that are
enduring the follow-up course of the colorectal cancer.

We found these types of diseases normally in the developed countries. The colorectal cancer develops
primarily in the mucosa lining of bowel. In generally circumstances, the initial movement towards the
development of a colorectal cancer is the arrival of polyps. When the abnormal cells within the polyps
commence to expand and infect with normal tissue, polyps develop into cancer growths. If no suitable
remedy is espoused, then the cancer can extend to the skin and the essential tissues of the bowel wall,
and ultimately the cancer may reach to the distant sites like liver. Well, recurrence, metastasis and both
(i.e., recurrence and metastasis simultaneously), are promising effects to state the situation of the
patient. The major dealing to the colorectal cancer is the surgical ejection of the tumor, while the
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survival of a patient with the colorectal cancer is reliant on four basic features: (a) the biology of that
specific’s malignancy, (b) the immune response to the tumor, (c) the time for the cancer patient’s life
history when the diagnosis is through, and (d) the competence of the treatment. About 50% patients
ultimately die from the local recurrence and / or distant metastasis within 5 years after the remedial
resection. Therefore, to amplify the possibility of survival, it is crucial to distinguish or expect the
recurrent or metastasis tumor in the follow-up so that the suitable treatment is imposed.

The following 16 aspects are considered: liver metastasis, peritoneal metastasis, CT scan for liver,
regional lymph node, apical node status, apical node number, adjacent structure invasion, venous
invasion, perineural invasion, differentiation, ascites, carcinoembryonic antigen, and surgeon rank, site
of tumor, preoperative blood transfusion, and fix to adjacent structure. The patient, who is in the follow-
up program, may collapse into any of the following conditions: Metastasis, recurrence, bad and well. If
the position of an individual patient can be perfectly determined, then the situation information can be
exploited to select a proper therapy. A surgeon can instinctively conclude the belongingness of each
patient in the output classes.

Let A be a feature set of a healthy person, w; € [1,16] is the weight of the feature, B is an feature set of
a patient with colorectal cancer, if

Wsin(A,B) < ay, B is well,
a; < Wgin(4,B) < ay, B is recurrence,
ay < Wsin(A,B) < as, B is metastasis,
Wsin(A,B) = as, B is bad,

where a4, a5, a3 are the threshold values.

Using the above procedure, we have effort to compute the significance of the prognostic factors.

Now we compare our proposed measure with existing measures, for this we consider same numerical
example which is considered by the Qi et al [17].

Let A be a characteristic set of a patient, for the suitability of discussion, we adopt the main 5
characteristics and enumerate the characteristic, respectively represented a,b,c,d,e; as these
characteristics generally are language variable, for every characteristic, we set up FRSs function by fuzzy
method and obtain their attributes values. Let mode
A = {[0.3,0.5],[0.4,0.6],[0.6,0.8],[0.5,0.9],[0.9,1]}, A1, A,, A3 and A, are the attribute sets of the
samples indicated metastasis, recurrence, bad and well shown in Table 1.

A b C D e

A; | [0.4,0.6] | [0.3,0.7] | [0.5,0.9] | [0.5,0.8] | [0.6,0.8]
A, | [0.2,0.4] | [0.3,0.5] | [0.2,0.3] | [0.7,0.9] | [0.8,1]
As | [0.1,0.1] [0, O] [0.2,0.3] | [0.1,0.2] | [0.6, 0.6]
A, | [0.8,0.8] | [0.9,1] [1, 1] [0.7,0.8] | [0.6, 0.6]

Table 1: Attribute sets of the sample
Using the method by Chengyi et al [16], we calculate the similarity measures between the patient A and
the sample A;,4,,A; and A,: A = {[0.3,0.5],[0.4,0.6],[0.6,0.8],[0.5,0.9],[0.9,1]},
Ser(AA) =1 _i(lO.S —0.4|+1]0.5—-0.6] +]0.4—0.3] +|0.6 — 0.7] + |0.6 — 0.5]
ChAH 71 10 \4 [0.8 — 0.9] + ]0.5 — 0.5] + |0.9 — 0.8] + [0.9 — 0.6] + |1 — 0.8]
Similarly we calculate other similarity measure between the patient A and other sample as:
Scn(4,4,) =0.88;  Scp(4,43) =049;  Sc(4,4,) = 0.67.

) =0.88
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Since Sy, (A4,4,) = S, (4, A,), we could not tell Ais a metastasis patient or a recurrence patient. It
shows that the method defined by Chengyi et al [16] could not distinguish A is similar to A; or A,. While
using the measure proposed by Qi et al [17], A could be distinguished correctly, so he may be cured
suitably. The process is followed:

a b C D E a b c D e
[a, | 0.40 | 0.30 | 0.50 | 0.50 | 0.60 Ka, | 0.20 | 0.30 | 0.20 | 0.70 | 0.80
,u_Al 0.60 | 0.70 | 0.90 | 0.80 | 0.80 M4, | 0.40 | 0.50 | 0.70 | 0.90 | 1.00
74, | 0.20 | 0.40 | 0.40 | 0.30 | 0.20 Ty, | 0.20 | 0.20 | 0.50 | 0.20 | 0.20
pa, | 048 |0.42 | 0.70 | 0.65 | 0.72 Pa, | 0.24 | 0.36 | 0.30 | 0.84 | 0.96
gy, | 0.48 | 0.42 | 0.14 | 0.26 | 0.24 gs, | 0.72 1 0.60 | 0.45 | 0.12 | 0.00
a b C D E a b c D e
Ma, | 0.10 | 0.00 | 0.20 | 0.10 | 0.20 Ka, | 0.80 | 0.90 | 1.00 | 0.70 | 0.60
E 0.10 | 0.00 | 0.30 | 0.20 | 0.20 Ha, | 0.80 | 1.00 | 1.00 | 0.80 | 0.60
T4, | 0.00 | 0.00 | 0.10 | 0.10 | 0.00 74, | 0.00 | 0.10 | 0.00 | 0.10 | 0.00
Pa, | 0.10 | 0.00 | 0.22 | 0.11 | 0.20 Pa, | 0.80 | 0.99 | 1.00 | 0.77 | 0.60
gs, | 0.30 | 1.00 | 0.77 | 0.88 | 0.80 g, | 0.20 | 0.00 | 0.00 | 0.22 | 0.40
a B c d E

Ha 0.30 | 0.40 | 0.60 | 0.50 | 0.90

us | 0.50 | 0.60 | 0.80 | 0.90 | 1.00

T4 | 0.20 | 0.20 | 0.20 | 0.40 | 0.10

ps | 0.36]0.48 | 0.72 | 0.70 | 0.99

o4 | 0.60 | 0.48 | 0.24 | 0.14 | 0.00
SQi(A'Al)
_ _i( |0.36 — 0.48| + |0.6 — 0.48| + |0.48 — 0.42| + |0.48 — 0.42]| + |0.72 — 0.70]| )_ 0.884

10 \+ [0.24 — 0.14] + |0.70 — 0.65| + |0.14 — 0.26| + |0.99 — 0.72] + |0.00 — 0.24|)

Similarly we calculate other similarity measure between the patient A and other sample as:
Soi(4,A3) = 0.449;
Basing the above result, mode A is supposed to a metastasis patient.
Now we used our proposed measures, the process as follows:

Soi(A, A) = 0.87;

Soi(4,Ay) = 0.671.
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1 T 1
Ssin(4,4,) = 3 [sinz<1 —5 (]0.36 — 0.48]| + 0.6 — 0.48|)>

T 1
+ sin§<1 —5 (]0.48 — 0.42] +10.48 — 0.42])

2

T 1
+ sin—(l — §(|0.72 —0.70| + ]0.24 — 0.14|)>
: )

T 1
+ sin—(l — §(|0.70 — 0.65| + |0.14 — 0.26])

T 1
+ sin§<1 =3 (]0.99 — 0.72] + |0.00 — 0.24|)>]

= 0977
Similarly we calculate other similarity measure between the patient A and other sample as:
Ssin(4,4,) = 0.967; Ssin(4,A43) = 0.624; Ssin(A,A,) = 0.845.
Here we also observe that our proposed measure distinguished A correctly, so he may be treated
properly. Basing the above result, mode A is supposed to a metastasis patient.

6. Conclusions

As we know that fuzzy set and rough set are complementary in nature, but their hybridization is possible
which is significant in study of vague concept related problems. Here we discussed such hybridization
known as fuzzy rough set. The fuzzy rough set is a contemporary theory characterized imprecise
information. Measures of similarity between fuzzy rough sets, as an imperative subject in fuzzy
mathematics, have achieved interest in researchers for their open application of real world. Persistently
glancing for the improved similarity measure method is a tracking of fuzzy set and rough set theory.
However, none of the any similarity measure methods are all-significant, and all have the restricted of
its usage. In this paper we defined a similarity measure for measuring the degree of similarity between
elements and between fuzzy rough sets. Ultimately, a promising application of the similarity measure is
indicated and comparison is also discussed with exist one measures, which shows that our measure is
better than existing one. As the intended similarity measures have several proficient properties it can
provide an effective approach to measuring the similarity between fuzzy rough sets. In choruses, it will
be a very significant research subject that exploring the invariance properties of pattern recognition of
the various similarity measure methods.

References
1. L.A. Zadeh, “Fuzzy sets”, Information Control, 8 (3), 338-353, 1965.
2. K. Atanassov, “Intuitionstic fuzzy set”, Fuzzy Sets System, 20 (1), 87-96, 1986.
3. Z. Pawlak, “Rough sets”, International Journal of Infromation and Computer Sciences, 11 (5),

341-356, 1982.

4. Z.Pawlak, “Rough sets and fuzzy sets”, Fuzzy Sets and Systems, 17, 99-102, 1985.

W.L. Gau, D.J. Buehrer, “Vague sets”, IEEE Trans. Syst. Man Cybernet, 23 (2), 610-614, 1993.

6. S. Chanas, D. Kuchta, “Further remarks on the relation between rough and fuzzy sets”, Fuzzy
Sets and Systems, 47, 391-394, 1992.

7. M. Wygralak, “Rough sets and fuzzy sets- some remarks on interrelations”, Fuzzy Sets and
Systems, 29, 241-243, 1989.

8. A. Nakamura, “Fuzzy rough sets”, Note on Multiple-valued Logic in Japan, 9, 1-8, 1988.

v

Double-Blind Peer Reviewed Refereed Open Access International e-Journal - Included in the International Serial Directories
Aryabhatta Journal of Mathematics and Informatics
http://www.ijmr.net.in email id- irjmss@gmail.com Page 282




0i\‘)\\al
S

Joy,
»
%,

71JMRE

%i‘;‘?:f Vol.09 Issue-01, (January - June, 2017)  ISSN: 2394-9309 (E) / 0975-7139 (P)

Aryabhatta Journal of Mathematics and Informatics (Impact Factor- 5.856)

9.
10

11.

12.

13.

14.

15.

16.

17.

18.

19.

S. Nanda and S. Majumdar, “Fuzzy rough sets”, Fuzzy Sets and Systems, 45, 157-160, 1992.

R. Biswas, “On rough sets and fuzzy rough sets”, Bulletin of the Polish Academy of Sciences,
Mathematics, 42, 345-349, 1994.

R. Biswas, “On rough fuzzy sets”, Bulletin of the Polish Academy of Sciences, Mathematics, 42,
351-355, 1994.

L.I. Kuncheva, “Fuzzy rough sets: application to feature selection”, Fuzzy Sets and Systems, 51,
147-153, 1992.

Y.Y. Yao, “On combining rough and fuzzy sets, “Proceedings of the CSC’'95 Workshop on Rough
Sets and Database Mining, Lin, T.y. (Ed.), San Jose State University, 9 pages, 1995.

D.H. Hong, C. Kim, “A note on similarity measures between vague sets and between elements”,
Information Sciences, 115, 83-96, 1999.

L.K. Hyung et al., “Similarity measure between fuzzy sets and between elements”, Fuzzy Sets
and Systems, 62, 291-293, 1994.

P. Tiwari, P. Gupta, “Measures of cosine similarity intended for fuzzy sets, intuitionistic and
interval-valued intuitionistic fuzzy-sets with application in medical diagnoses” published in
Proceedings of the International Conference on “Computing for Sustainable Global
Development”, 16™-18" march, 2016 BharatiVidyapeeth’s institute of Computer Application and
Management (BVICAM), New Delhi (India).

Z. Chengyi, D. Pingan, F. Haiyan, “On measures of similarity between fuzzy rough sets”,
International Journal of Pure and Applied Mathematics, 10 (4), 451-460, 2004.

N. Qi, Z. Chengyi, “A new similarity measures on fuzzy rough sets”, International Journal of Pure
and Applied Mathematics, 47 (1), 89-100, 2008.

S.M. Chen, “Measures of similarity between vague sets”, Fuzzy Sets and Systems, 74, 217-223,
1995.

Double-Blind Peer Reviewed Refereed Open Access International e-Journal - Included in the International Serial Directories

Aryabhatta Journal of Mathematics and Informatics
http://www.ijmr.net.in email id- irjmss@gmail.com Page 283




