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ABSTRACT

In this article we shall deal with the new Similarity measure
for Fuzzy sets based on the extended definition of
complementation. Measuring similarity between Fuzzy sets is
very important in the application of Fuzzy set theory. The new
Similarity measure is based on the fact that Fuzzy
membership function and Fuzzy membership value for the
complement of a Fuzzy set are two different things. In this
paper, our purpose is to put forward an algorithm to show the
effectiveness of this new Similarity measure in supporting
Medical Diagnostic reasoning. Also, we shall demonstrate the
application of the proposed algorithm evaluating some
collected data and verify the obtained results with the help of
traditional Hamming Distance and Euclidean Distance
measures.
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1. INTRODUCTION

Zadeh [1] introduced Fuzzy set theory in 1965. Since Zadeh
initiated Fuzzy sets, many approaches and theories treating
imprecision and uncertainty have been proposed. Different
researchers have proposed different Similarity measures for
Fuzzy sets, all based on Zadehian concept. Zadeh defined
Fuzzy set in the manner where it has been accepted that the
classical set theoretic axioms of exclusion and contradiction
are not satisfied for Fuzzy sets. In Zadehian theory of Fuzzy
set, it has been believed that for a Fuzzy set A and its

complement A, neither A N A is null set nor ALAS is the

universal set which is proved to be wrong by Baruah[2,3].
Baruah proposed that in the Zadehian definition of the
complement of a Fuzzy set, Fuzzy membership function and
Fuzzy membership value had been taken to be the same,
which leads to the conclusion that the Fuzzy sets do not
follow the set theoretic axioms of exclusion and contradiction.
Therefore , Baruah has put forward an extended definition of
Fuzzy set and reintroduced the notion of complement of a
Fuzzy set in a way that the set theoretic axioms of exclusion
and contradiction can be seen valid for Fuzzy sets also.
According to Baruah , to define a Fuzzy set two functions
namely- Fuzzy membership function and —Fuzzy reference
function are necessary. Fuzzy membership value is the
difference between Fuzzy membership function and Fuzzy
reference function. Fuzzy membership function and Fuzzy
membership value are two different things. Neog and Sut [4]
have generalized the concept of complement of a Fuzzy set,
introduced by Baruah[2,3], when the Fuzzy reference function
is not zero and defined arbitrary Fuzzy union and intersection

extending the definition of Fuzzy sets given by Baruah [2, 3].
As a consequence of which, the previously existing similarity
measures of Fuzzy set, based on the traditional Zadehian
definition of complementation, have appeared illogical.
Accordingly, we have established a new Similarity
measure[10] for Fuzzy sets using the extended definition of
complementation[2,3,4] based on reference function. Also, we
have proved the validity[11] of the new Similarity
measure[10] with the help of traditional Hamming Distance
and Euclidean Distance measures. In this paper, our aim is to
propose an algorithm based on the new Similarity
measure[10] to support Medical Diagnostic reasoning. Also,
we attempt to demonstrate the application of the proposed
algorithm on some collected data and validate the results
obtained with the help of Hamming Distance and Euclidean
Distance measures.

The overall organization of this paper is as follows. Section 2
overview the new Similarity measure for Fuzzy sets based on
extended definition of complementation. In section 3 we
propose an algorithm based on the new Similarity measure to
support Medical Diagnostic reasoning. In section 4 we show
the application of the proposed algorithm on some collected
data. We verify the results obtained in section 4 with the
results obtained by Hamming distance and Euclidean distance
measures in section 5. Finally, some conclusions are given in
section 6.

2. THE NEW SIMILARITY MESURE
FOR FUZZY SETS

Let A and B be two elements belonging to a Fuzzy set (or
sets) .Now we can measure the similarity between A and B as
below:

les(A,
Sim (A, B):ﬁ% = o)

where a is distance from A(um,irity) 10 B(tm,prpty) and b is a
distance from A(um,pr,pty) 10 B (im,ttrpty) — Where pim, pr, pty
are membership function, reference function and membership
value respectively.

For this similarity measure, we have,
0= Sim (A, B) <X

Similarly we can calculate the Similarity between two Fuzzy
sets:

Let A and B be two Fuzzy sets defined on the same set of
universe of discourse. Now we can measure the similarity
between A and B by assessing similarity of the corresponding
elements belonging to A and B, as defined in the eqn (1).
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Now using Baruah’s definition of Fuzzy set, for the Similarity
measure of A and B, we can obtain the following 4
possibilities,

A and B may be two exactly similar sets.

or A and B® may be two exactly similar sets.

or A may be more similar to B than to BC.

or A may be more similar to B¢ than to B.

But A can never be similar to B and B together i.e. A=B=B°
is never possible according to the new definition of
complementation of Fuzzy set [2, 3].

Therefore from the above analysis, for the Similarity measure
of A and B, we can conclude four possible cases as follows:

Case 1: Sim(A,B)=0 when A=B i.e. AB=0.
Case 2: Sim(A,B)=22 when A=BC i.e. AB®=0.
Case 3: Sim(A,B) >1 when AB>ABC.

Case 4: Sim(A,B) <1 when AB<ABC.

Hence to measure the similarity between the two Fuzzy sets A
and B, one should be interested in the values 0 = Sim(A,B)

=1

Let us explain the above idea for the new Similarity measure
into details:

Let A and B be two Fuzzy sets defined on the same set of
universe of discourse U= {e;, €,, €3, €4, €5}. Now we can
calculate the similarity measure for A and B assessing the
similarity measure for the every corresponding elements of A
and B i.e. for the every element ej,e, es,e4e5 of the set of
universe of discourse U, considered for A and B. This means
similarity measure for A and B has to be calculated with

respect to every e, ,, €3, €4, €5 € U.
Now, based on the new definition of Fuzzy set, the similarity
measure for the Fuzzy set A( ey, k=1,2,3,4,5) and the Fuzzy

set B( ey, k=1,2,3,4,5) can be obtained under the 3 possible
cases in the following manner:

We can visualize the Fuzzy set A (ey) and the Fuzzy set B
(ex) in the number line in Figure 1 and Figure 2 respectively.
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Figure 1. Representation of Fuzzy set A(ey) in number line
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Figure 2. Representation of Fuzzy set B(ey) in number line

International Journal of Computer Applications (0975 — 8887)

Volume 80 — No 15, October 2013

Where ,urlv ,umlv .uvl ; .urZ, .Umz, ,Uvz ) 0, Herv va3 ) ”mZvlvH’M
are reference function, membership function and membership
value of the Fuzzy set A, the Fuzzy set B and the two

complement sets of B respectively for every e,E U.

Now the 3 possible cases are:
Case 1: when U, 70, UmpF1.

Case 1 can be visualized in Figure 1 and Figure 2 and
Similarity Measure can be defined as,

AB _
AB® ~

Sim(A, B)
5

N/
2l

[ACsicCir1)) = O] + JA(sicCatrn)) = BsicCptm))] +

1AGsi ()= BCsic )] + 1A CHim)) = BCiCima))| + IACk (1)) = B(sie ()] \l
S Cttmn)) = B(sicC )| + [ACsic ) — 1]+ |ACseCa01)) = BseCp1))| + 1A (s Cp100)) = B(sk(uwm)

Case 2: when U,=0, Um, F1.

Case 2 can be visualized in Figure 3 and Figure 4.
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Figure 3. Representation of Fuzzy set A(ey) in number line
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Figure 4. Representation of Fuzzy set B(ey) in number line

and Similarity Measure can be defined as,
AB
AB® ™

5
Sim(A,B) =+ (IA(sk( Br1)) = O] + JACGSk (1)) = B Ctma)) | + IACSK (1)) = B(sicC ,mm)
s 1ACst Chtr1)) = BCsic Ctma )| + [ACi () = 11+ TACs, (1)) = Blsic ()l

k=1

Case 3: when U, 70, Umo=1.

Case 3 can be visualized in Figure 5 and Figure 6.
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Figure 5. Representation of Fuzzy set A(e) in number line
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Figure 6. Representation of Fuzzy set B(ey) in number line

and Similarity Measure can be defined as,
AB

AB®
Sim(4,B) =

\fekEU

5

3. ALGORITHM FOR MEDICAL
DIAGNOSTIC REASONING

We design an algorithm on the basis of the new Similarity
Measure discussed in section 2 in the following manner:

Step 1: Input Fuzzy sets Pj(for Patients) and D; (for Diseases )
Yijez.

Step 2: For each P;(Patient Set)
Take each Dj(Disease Set)
and consider every S,(Symptom characteristics),
KE Z*,
. PiD;
Sim (Pir Dj) = ﬁfc
¥ S E S( Symptom Set)

To calculate:

Step 3: For each P;
PD

Find the smallest TDJ& V' D;

To determine the disease for the patient.

4. APPLICATION OF THE PROPOSED
ALGORITHM

Now ,we apply our proposed algorithm on some collected
data[6].

Taking the lower bound value[6] as reference function value,
u, and upper bound value[6] as membership function value, u,
(since, always 0= p(x) < Wy(X)=1), we can represent the
collected data[6] as

datasetl=  Disease  Sets ={Fever(D,), Malaria(D,),
Typhoid(Ds), Stomach Problem(D,), Chest Problem(Ds)} and

5
1 (IA(Sk( Py ) =B(S o) +IAS (U1 D= 11+IAGS | Uy ) =B(S i )l
IAGS (1 ) =01 +ACS Py 1))=B(S | Uy ) IHIACS o Py ) =B(S o oy )]
=1

)

International Journal of Computer Applications (0975 — 8887)

Volume 80 — No 15, October 2013

dataset 2= Patient Sets={P,,P,,P3,P4}

defined on the set of universe of discourse, S={Chest
pain(Cy), Cough(C,), Stomach pain(Sy), Headache(Hy),
Temperature(T,)}i.e. the set of symptoms.

Now we put the disease sets values and the patient sets values
in table 1 and table 2 respectively.

Table 1: dataset 1of Disease Sets

D, D; D: D, Ds
C, | (030.1) | 020.) | (0.1,0.0) | (03,02) | (08,0.8)
C.| (0.7.04) | (100.7) | (04.02) | (03.02) ] (02.02)
S, ] (03.0.0) | (0.1,00) | (03,02) | (1.008) | (0202)
Ha| (05.03) | (04.02) | (09.06) | (0.6.02) ] (0.2.0.0)
T, | (10.04) | (1.0,0.7) | (0.7.03) | (03.0.1) | (0.2.0.1)

Table 2: dataset 2 of Patient Sets

P P Ps Py
C, | 04.0.1) | (0.2.0.1) | (0.5.0.0) | (0.6.0.3)
C. | (09.06) | (03.01) | (03.02) | (08.07)
S, | (02.0.2) | (0.9.0.6) | (0.4,0.0) | (0.6.0.3)
Hs | (09.06) | (06.04) | (09.08) | (06.05)
T. | (0.9.08) | (02.0.0) | (0.9.0.8) | (0.9.0.6)

Each symptom in Tablel and Table2 is described by: a
reference function and a membership function value.

Now we derive a diagnosis for each patient P;, i=1,2,3,4 using
the new similarity measure .

’ Lo PiD;
1. Now at first we calculate the similarity measure P—'D‘c for
=]

each patient P; , i=1,2,3,4 with every disease D; , j=1,2,3,4,5
separately ,assessing the similarity measure for the every
corresponding elements of the two sets i.e. the symptom
characteristics C,,Co,Sp,Hg, T,

2. Then we find out the smallest value from the obtained
similarity measures between a patient and every disease, we
considered in Step 1. From that value we can decide from
which disease the patient is suffering from.

Now we calculate the similarity measure values between the
dataset of diseases and the dataset of patients and represent
the calculated values in table 3.

Table 3: Similarity measure values for Each Patient with
every Disease

Iy D3 Ds Dy Ds
Py | 035 0.27 0.29 0.56 0.59
Py | 1.04 0.75 0.33 0.19 042
P: | 039 0.56 0.35 0.71 0.57
Py | 034 0.39 0.40 0.51 0.51

From Table 3 we can conclude:
Patient P, is suffering from disease D,, patient P, is suffering

from disease D, Patient P; is suffering from disease Dj
Patient P, is suffering from disease D.
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5. VERIFICATION

Now we can verify the results of Table 3 using traditional
Hamming Distance and Euclidean Distance measures.

5.1 Hamming distance measure
Now we derive a diagnosis for each patient P;, i=1,2,3,4 using
the Hamming Distance measure .

1. Now at first we calculate the Hamming Distance measure
for each patient P; , i=1,2,34 with every disease D; ,
j=1,2,3,4,5 separately ,assessing the measure for the every
corresponding elements of the two sets i.e. the symptom
characteristics C,,Cq,Sp,Ha, Tr.

2. Then we find out the smallest value from the obtained
measures between a patient and every disease, we considered
in Step 1. From that value we can decide from which disease
the patient is suffering from.

The normalized Hamming distance of the set P; from the set
D;, for all the symptom characteristics C,,, C,, Sp, Hg, T, € S'is
1 5
HD (P D) = 75 > (1P (5 rn)) = Dy (i)
k=1

+ 1Pi(sk( #m1)) = Dj(sic(tm2))|
+ 1Pi(sk(#v1)) = Dj(s(#v2)))

Table 4: Hamming Distance measures for Each Patient
with every Disease

Dy D, D3 Dy Ds
Py 028 0.24 0.28 0.54 0.56
P 0.40 0.50 0.31 0.14 0.42
Ps 0.38 0.44 0.32 ] 0.55
Py 0.28 0.30 0.38 0.44 0.54

From table 4 we can conclude that

Patient P, is suffering from disease D,, patient P, is suffering
from disease D, Patient P; is suffering from disease D
Patient P, is suffering from disease D.

5.2 Euclidean distance measure
Now we derive a diagnosis for each patient P;, i=1,2,3,4 using
the Euclidean Distance measure .

1. Now at first we calculate the Euclidean Distance measure
for each patient P; , i=1,2,3,4 with every disease D; ,
j=1,2,3,4,5 separately ,assessing the measure for the every
corresponding elements of the two sets i.e. the symptom
characteristics C,,Cq,Sp,Ha, T

2. Then we find out the smallest value from the obtained
measures between a patient and every disease, we considered
in Step 1. From that value we can decide from which disease
the patient is suffering from.

The normalized Euclidean Distance measure of the set P; from
the set D;, for all the symptom characteristics C,,, C,, Sp, Hg,
T, eSis

ED(r, D)) =
QZL] (P (i (1)) = Dy (sic Cur2 )P + 1P (SicCm)) = Dy (s Cltm )P + 1Pi(Sic(101)) = Dy (s 2 )P
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Table 5: Euclidean Distance measures for Each Patient
with every Disease

D1 D:. D}. D4 DS
Py | 036 | 030 036 068 0.72
P, | 030 | 065 0.40 018 055
Py | 047 | 036 0.40 0.62 0.72
Py | 034 | 037 047 0.58 0.68

From table 5 we conclude that

Patient P, is suffering from disease D,, patient P, is suffering
from disease D, Patient P; is suffering from disease Dj
Patient P, is suffering from disease D;.

Therefore from the results obtained from table 3, table 4 and
table 5 we can state that the results found in the above
Medical Diagnosis using the proposed algorithm are
absolutely valid with respect to the traditional distance
measures.

6. CONCLUSION

In this article, we have focused on the new Similarity measure
for Fuzzy sets based on the extended definition of
complementation using reference function where it is believed
that Fuzzy membership function and Fuzzy membership value
for the complement of a Fuzzy set are two different things. An
algorithm based on the extended definition of
complementation has been proposed to support Medical
Diagnostic reasoning. Also we have demonstrated the
application of the proposed algorithm on some collected data
and verified the results obtained with the help of traditional
Hamming Distance and Euclidean Distance measures. Finally,
it has been observed that the proposed algorithm is clearly
effective in supporting Medical Diagnostic reasoning.
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