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Abstract: In this paper, we study the De et al.’s approach for the application of intuitionis-
tic fuzzy relation (i.e., max-min-max composite relation), and improve the approach for better
output. The validity of the improved intuitionistic fuzzy composite relation is carried out in com-
parison to De et al.’s approach using numerical experiments. It is shown that the improved intu-
itionistic fuzzy composite relation yields a better output. Finally, an application of the improved
approach to medical diagnostic process is carried out using a hypothetical medical database. This
improved intuitionistic fuzzy composite relation could be used as a sustainable approach in ap-
plying intuitionistic fuzzy sets to other real-life decision-making problems.
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1 Introduction

Fuzzy set theory proposed by Zadeh [31] has many applications because of its ability to cope
with imprecision embedded in real-life decision-making problems. For a classical set X , a fuzzy
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set over X , or a fuzzy subset of X , is characterized by a membership function µ which associates
values from the closed unit interval I = [0, 1] to members of X . Fuzzy sets are able to model
vagueness. However, they cannot model uncertainty precisely because there is no means to at-
tribute reliability information to the membership degrees [17]. The vast presence of uncertainty
in day-to-day life necessitated researchers to develop some mathematical frameworks that can
handle uncertainty more accurately than fuzzy sets.

Furthermore, out of the several mathematical frameworks which generalize fuzzy sets, the
concept of intuitionistic fuzzy sets (IFSs) introduced by Atanassov [1] is interesting and resource-
ful. In fact, every fuzzy set is an IFS but the converse is not necessarily true [2]. The concept of
IFS theory has been extensively studied, for details see [3, 4, 6, 13].

The theory of IFSs has been applied in different decision-making problems, viz., logic pro-
gramming, medical diagnosis, electoral system, career determination, appointment procedures,
pattern recognition, learning techniques, among others (see [5,7,8,14,18–23,25–30] for details).

Albeit, in a way to extend the notion of fuzzy relations [15,24] and its application [16] to IFS
setting, Burillo and Bustince [10] explored the concept of intuitionistic fuzzy relations (IFRs).
More works on the structures of IFRs have been explicated in [9,11]. In a nutshell, IFRs are IFSs
in a Cartesian product of universes [17]. The method of intuitionistic fuzzy medical diagnosis
that involves intuitionistic fuzzy relations as defined in [9] was carried out by De et al. [14].

In this paper, we study the De et al.’s approach of medical diagnostic process using IFS theory
and improved upon the approach for better output. The paper is organized by presenting some
basic notions of IFSs in Section 2. In Section 3, we discuss the concept of IFRs comprises of
intuitionistic fuzzy max-min-max composite relation, improved intuitionistic fuzzy composite
relation and their numerical verifications. Section 4 expatiates the application of the improved
intuitionistic fuzzy composite relation in medical diagnostic process using the medical database
in [14]. Finally, Section 5 concludes the paper and provides direction for future studies.

2 Some basic notions of intuitionistic fuzzy sets

In this section, we recall some mathematical preliminaries of IFSs.

Definition 2.1. [31] Let X be a nonempty set. A fuzzy set A of X is characterized by a member-
ship function

µA : X → [0, 1].

That is,

µA(x) =


1, if x ∈ X
0, if x /∈ X
(0, 1) if x is partly in X

Alternatively, a fuzzy set A of X is an object having the form

A = {〈x, µA(x)〉 | x ∈ X} or A = {〈µA(x)

x
〉 | x ∈ X},
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where the function µA(x) defines the degree of membership of the element x ∈ X .

Definition 2.2. [1,2] Let a nonempty set X be fixed. An IFS A of X is an object having the form

A = {〈x, µA(x), νA(x)〉 | x ∈ X}

or
A = {〈µA(x), νA(x)

x
〉 | x ∈ X},

where the functions
µA(x) : X → [0, 1] and νA(x) : X → [0, 1]

define the degree of membership and the degree of non-membership, respectively of the element
x ∈ X to A, which is a subset of X , and for every x ∈ X ,

0 ≤ µA(x) + νA(x) ≤ 1.

For each IFS A of X ,
πA(x) = 1− µA(x)− νA(x)

is the intuitionistic fuzzy set index or hesitation margin of x ∈ X . The hesitation margin πA(x) is
the degree of non-determinacy of x ∈ X , to the set A and πA(x) ∈ [0, 1]. The hesitation margin
is the function that expresses lack of knowledge of whether x ∈ X or x /∈ X . Thus,

µA(x) + νA(x) + πA(x) = 1.

We denote the set of all IFSs over X by IFS(X).

Example 2.1. Let X = {x, y, z} be a fixed universe of discourse and

A = {〈0.70, 0.10
x

〉, 〈0.85, 0.05
y

〉, 〈0.50, 0.20
z

〉}

be the intuitionistic fuzzy set in X . The hesitation margins of the elements x, y, z to A are
respectively,

πA(x) = 0.20, πA(y) = 0.10 and πA(z) = 0.30.

Definition 2.3. [4, 6] Let A,B ∈ IFS(X). Then we have the following:

(i) Ac = {〈x, νA(x), µA(x)〉|x ∈ X}.

(ii) A ∪B = {〈x,max(µA(x), µB(x)),min(νA(x), νB(x))〉|x ∈ X}.

(iii) A ∩B = {〈x,min(µA(x), µB(x)),max(νA(x), νB(x))〉|x ∈ X}.

(iv) A⊕B = {〈x, µA(x) + µB(x)− µA(x)µB(x), νA(x)νB(x)〉|x ∈ X}.

(v) A⊗B = {〈x, µA(x)µB(x), νA(x) + νB(x)− νA(x)νB(x)〉|x ∈ X}.
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Remark 2.1. [4, 6] Let A,B,C ∈ IFS(X). By Definition 2.3, the following properties hold:

(Ac)c = A

A ∩ A = A

A ∪ A = A

A⊕ A 6= A

A⊗ A 6= A

A ∩B = B ∩ A

A ∪B = B ∪ A

A⊕B = B ⊕ A

A⊗B = B ⊗ A

A ∩ (B ∩ C) = (A ∩B) ∩ C

A ∪ (B ∪ C) = (A ∪B) ∪ C

A⊕ (B ⊕ C) = (A⊕B)⊕ C

A⊗ (B ⊗ C) = (A⊗B)⊗ C

A ∩ (B ∪ C) = (A ∩B) ∪ (A ∩ C)

A ∪ (B ∩ C) = (A ∪B) ∩ (A ∪ C)

A⊕ (B ∪ C) = (A⊕B) ∪ (A⊕ C)

A⊕ (B ∩ C) = (A⊕B) ∩ (A⊕ C)

A⊗ (B ∪ C) = (A⊗B) ∪ (A⊗ C)

A⊗ (B ∩ C) = (A⊗B) ∩ (A⊗ C)

(A ∩B)c = Ac ∪Bc

(A ∪B)c = Ac ∩Bc

(A⊕B)c = Ac ⊗Bc

(A⊗B)c = Ac ⊕Bc.

Definition 2.4. Let A ∈ IFS(X). Then the level/ground set of A is defined by

A∗ = {x ∈ X|µA(x) > 0, νA(x) < 1}.

Certainly, A∗ is a subset of X .
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3 Concept of intuitionistic fuzzy relations

The notion of max-min-max composite relation for IFSs has been proposed by Biswas [9] and
applied in [14]. Albeit, in this section we introduce an improved composite relation for IFSs.

Definition 3.1. [9, 14] Let X and Y be two non-empty sets. An intuitionistic fuzzy relation
(IFR), R from X to Y is an IFS of X × Y characterized by the membership function, µR and
non-membership function, νR. An IF relation or IFR from X to Y is denoted by R(X → Y ).

That is,
R = {〈(x, y), µR(x, y), νR(x, y)〉|x ∈ X, y ∈ Y },

where
µR : X × Y → [0, 1] and νR : X × Y → [0, 1]

satisfy the condition µR(x, y) + νR(x, y) ≤ 1 ∀(x, y) ∈ X × Y .

3.1 Intuitionistic fuzzy max-min-max composite relation

Definition 3.2. [9, 14] Let A ∈ IFS(X). Then, the max-min-max composite relation of

R(X → Y )

with A being an IFS, B of Y denoted by B = R ◦ A, such that its membership and non-
membership functions are defined by

µB(y) =
∨
x

{min[µA(x), µR(x, y)]}

and
νB(y) =

∧
x

{max[νA(x), νR(x, y)]}

∀x ∈ X and y ∈ Y , where
∨

= maximum,
∧

= minimum.

Definition 3.3. [9, 14] Let Q(X → Y ) and R(Y → Z) be two IFRs. Then, the max-min-max

composite relation, R ◦Q is an IFR from X to Z such that its membership and non-membership
functions are defined by

µR◦Q(x, z) =
∨
y

{min[µQ(x, y), µR(y, z)]}

and
νR◦Q(x, z) =

∧
y

{max[νQ(x, y), νR(y, z)]}

∀(x, z) ∈ X × Z and ∀y ∈ Y .
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Remark 3.1. [14] From Definitions 3.2 and 3.3, the max-min-max composite relation, B or
R ◦Q is calculated by

B = µB(y)− νB(y)πB(y)

∀y ∈ Y or
R ◦Q = µR◦Q(x, z)− νR◦Q(x, z)πR◦Q(x, z)

∀(x, z) ∈ X × Z.

3.2 Improved intuitionistic fuzzy composite relation

In this new composite relation on IFSs, we consider the average of both the membership and
non-membership functions, unlike in the case of max-min-max composite relation as discussed
above.

Definition 3.4. Let A ∈ IFS(X). Then, the improved composite relation of

R(X → Y )

with A being an IFS, B of Y denoted by B = R ◦ A, such that its membership and non-
membership functions are defined by

µB(y) =
∨
x

{µA(x) + µR(x, y)

2
}

and
νB(y) =

∧
x

{νA(x) + νR(x, y)

2
}

∀x ∈ X and y ∈ Y , where
∨

= maximum,
∧

= minimum.

Definition 3.5. Let Q(X → Y ) and R(Y → Z) be two IFRs. Then, the improved composite
relation, R ◦Q is an IFR from X to Z such that its membership and non-membership functions
are defined by

µR◦Q(x, z) =
∨
y

{µQ(x, y) + µR(y, z)

2
}

and
νR◦Q(x, z) =

∧
y

{νQ(x, y) + νR(y, z)

2
}

∀(x, z) ∈ X × Z and ∀y ∈ Y .

Remark 3.2. From Definitions 3.4 and 3.5, the improved composite relation, B or R ◦Q is
calculated by

B = µB(y)− νB(y)πB(y)

∀y ∈ Y or
R ◦Q = µR◦Q(x, z)− νR◦Q(x, z)πR◦Q(x, z)

∀(x, z) ∈ X × Z.
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Proposition 3.1. If R and S are two IFRs on X × Y and Y × Z, respectively, then

(i) (R−1)−1 = R,

(ii) (S ◦R)−1 = R−1 ◦ S−1.

3.3 Numerical verifications

Before applying this relation to medical diagnosis, we discuss the procedures of the approach
step-wisely. Firstly, we use max-min-max composite relation for IFSs and then, the improved
composite relation for IFSs. A reliability analysis is conducted to ascertain which of the compos-
ite relations provides the best relation by comparing the relational values.

Example 3.1. Let Ẽ, F̃ ∈ IFS(X) for X = {x1, x2, x3}. Suppose

Ẽ = {〈0.6, 0.2
x1

〉, 〈0.4, 0.5
x2

〉, 〈0.5, 0.3
x3

〉}

and
F̃ = {〈0.8, 0.1

x1
〉, 〈0.7, 0.2

x2
〉, 〈0.6, 0.1

x3
〉}.

We find the composite relation B by using Definitions 3.2 and 3.3, respectively:

min[µR(ei, xj), µS(xj, fk)] = 0.6, 0.4, 0.5,

implying that

µB(ei, fk) =
∨

xj∈X

{0.6, 0.4, 0.5} = 0.6.

Clearly, min[µR(ei, xj), µS(xj, fk)] is obtained by synthesizing Definitions 3.2 and 3.3. Apply-
ing this to Ẽ and F̃ as given in the above example, we observe that the minimum value of the
membership values of the elements (i.e., x1, x2, x3) in Ẽ and F̃ , respectively, are 0.6, 0.4 and 0.5.

Again,
max[νR(ei, xj), νS(xj, fk)] = 0.2, 0.5, 0.3,

implying that

νB(ei, fk) =
∧

xj∈X

{0.2, 0.5, 0.3} = 0.2.

By explanation, max[νR(ei, xj), νS(xj, fk)] is obtained by synthesizing Definitions 3.2 and 3.3.
Applying this to Ẽ and F̃ as given in the above example, we observe that the maximum value of
the non-membership values of the elements (i.e., x1, x2, x3) in Ẽ and F̃ , respectively, are 0.2, 0.5

and 0.3.
Then

B = 0.6− (0.2× 0.2) = 0.56.
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Again, finding B using Definitions 3.4 and 3.5 with application to Ẽ and F̃ , we obtain

µR(ei, xj) + µS(xj, fk)

2
= 0.7, 0.55, 0.55,

implying that

µB(ei, fk) =
∨

xj∈X

{0.7, 0.55, 0.55} = 0.7.

Again,
νR(ei, xj) + νS(xj, fk)

2
= 0.15, 0.35, 0.2,

implying that

νB(ei, fk) =
∧

xj∈X

{0.15, 0.35, 0.2} = 0.15.

Then
B = 0.7− (0.15× 0.15) = 0.6775.

From the aforesaid, the improved composite relation yields a better relation with a greater rela-
tional value when compared to max-min-max composite relation.

Now, we consider a case where the IFSs have no equal level sets.

Example 3.2. Let G̃, H̃ ∈ IFS(X) for X = {x1, x2, x3, x4, x5}. Suppose

G̃ = {〈0.8, 0.1
x1

〉, 〈0.5, 0.3
x2

〉, 〈0.5, 0.4
x3

〉, 〈0.7, 0.2
x5

〉}

and
H̃ = {〈0.7, 0.1

x1
〉, 〈0.6, 0.2

x3
〉, 〈0.9, 0.1

x4
〉}.

Before calculating the composite relations, we rewrite the IFSs as follows:

G̃ = {〈0.8, 0.1
x1

〉, 〈0.5, 0.3
x2

〉, 〈0.5, 0.4
x3

〉, 〈0.0, 1.0
x4

〉, 〈0.7, 0.2
x5

〉}

and
H̃ = {〈0.7, 0.1

x1
〉, 〈0.0, 1.0

x2
〉, 〈0.6, 0.2

x3
〉, 〈0.9, 0.1

x4
〉, 〈0.0, 1.0

x5
〉}.

Now we find B using Definitions 3.2 and 3.3, respectively, as follows:

min[µR(gi, xj), µS(xj, hk)] = 0.7, 0.0, 0.5, 0.0, 0.0,

implying that

µB(gi, hk) =
∨

xj∈X

{0.7, 0.0, 0.5, 0.0, 0.0} = 0.7.
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Again,
max[νR(gi, xj), νS(xj, hk)] = 0.1, 1.0, 0.4, 1.0, 1.0,

implying that

νB(gi, hk) =
∧

xj∈X

{0.1, 1.0, 0.4, 1.0, 1.0} = 0.1.

Thus
B = 0.7− (0.1× 0.2) = 0.68.

Also, finding B using Definitions 3.4 and 3.5, we obtain

µR(gi, xj) + µS(xj, hk)

2
= 0.75, 0.25, 0.55, 0.45, 0.35,

implying that

µB(gi, hk) =
∨

xj∈X

{0.75, 0.25, 0.55, 0.45, 0.35} = 0.75.

Again,
νR(gi, xj) + νS(xj, hk)

2
= 0.1, 0.65, 0.3, 0.55, 0.6,

implying that

νB(gi, hk) =
∧

xj∈X

{0.1, 0.65, 0.3, 0.55, 0.6} = 0.1.

Then
B = 0.75− (0.1× 0.15) = 0.735.

In this case also, the improved composite relation gives a better relation compared to max-min-
max composite relation.

Table 1 gives the comparative analysis of the improved composite relation B and max-min-
max composite relation B for IFSs. In what follows, the relational value of B is greater than that
of B. This shows that B provides better intuitionistic fuzzy relation when compared to B.

IFR Example 3.1 Example 3.2

B 0.5600 0.6800
B 0.6775 0.7350

Table 1. Comparative analysis
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4 Improved composite relation for intuitionistic fuzzy sets
in medical diagnosis

In this section, we present an application of IFSs to medical diagnosis using both the max-min-
max composite relation and the improved composite relation for IFSs. In a given pathology,
suppose S is a set of symptoms, D is a set of diseases, and P is a set of patients. We define intu-
itionistic fuzzy medical knowledge as an intuitionistic fuzzy relation R from the set of symptoms
S to the set of diseases D (i.e., on S×D), which reveals the degree of association and the degree
of non-association between symptoms and diseases.

In [14], the notion of intuitionistic fuzzy medical diagnosis was discussed via the following
methodology;

(i) determination of symptoms,

(ii) formulation of medical knowledge based on intuitionistic fuzzy relations, and

(iii) determination of diagnosis on the basis of composition of intuitionistic fuzzy relations.

Let A be an IFS of the set S, and R be an IFR from S to D. Then, max-min-max composite
relation B for IFS A with the IFR R(S → D) denoted by

B = A ◦R

signifies the state of the patient in terms of diagnosis as an IFS B of D with the membership
function given by

µB(d) =
∨
s∈S

{min[µA(s), µR(s, d)]}

and the non-membership function given by

νB(d) =
∧
s∈S

{max[νA(s), νR(s, d)]}

∀d ∈ D.
Similarly, the improved composite relation B for IFS A with the IFR R(S → D) denoted by

B = A ◦R

signifies the state of the patient in terms of diagnosis as an IFS B of D with the membership
function given by

µB(d) =
∨
s∈S

{µA(s) + µR(s, d)

2
}

and the non-membership function given by

νB(d) =
∧
s∈S

{νA(s) + νR(s, d)

2
}

∀d ∈ D.
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If the state of a given patient P is described in terms of an IFS A of S, then P is assumed
to be assigned a diagnosis in terms of IFRs B and B of D, through an IFR R of intuitionistic
medical knowledge from S to D which is assumed to be given by a doctor who is able to translate
his/her own observation of the fuzziness involved in degrees of association and non-association,
respectively, between symptoms and diagnosis.

Now, we extend these concepts to a finite number of patients. Let there be n patients pi for
i = 1, 2, . . . , n in a given laboratory. Thus pi ∈ P (or simply, p ∈ P ). Let R be an IFR (S → D)
and construct an IFR Q from the set of patients P to the set of symptoms S. Clearly, the max-
min-max composite relation B of IFRs R and Q(B = R ◦ Q) designates the state of patients p
in terms of the diagnosis as an IFR from P to D given by the membership function

µB(p, d) =
∨
s∈S

{min[µQ(p, s), µR(s, d)]} (1)

and the non-membership function given by

νB(p, d) =
∧
s∈S

{max[νQ(p, s), νR(s, d)]} (2)

∀p ∈ P and ∀d ∈ D.
Similarly, the improved composite relation B of IFRs R and Q (B = R ◦ Q) designates the

state of patients p in terms of the diagnosis as an IFR from P to D given by the membership
function

µB(p, d) =
∨
s∈S

{µQ(p, s) + µR(s, d)

2
} (3)

and the non-membership function given by

νB(p, d) =
∧
s∈S

{νQ(p, s) + νR(s, d)

2
} (4)

∀p ∈ P and ∀d ∈ D.
For a given R and Q, the relation B = R ◦ Q or B = R ◦ Q can be computed. From the

knowledge of Q and R, one may find B and B of the IFR for which

B = µB(p, d)− νB(p, d)πB(p, d) (5)

and
B = µB(p, d)− νB(p, d)πB(p, d) (6)

are the greatest.
Obviously, R is a significant IFR translating the higher degrees of association and lower de-

grees of non-association of symptoms as well as degrees of hesitation to the diseases, an approach
to intuitionistic fuzzy medical knowledge. From this approach, one may infer diagnosis from
symptoms in the sense of a paired value, one being the degree of association and other the degree
of non-association.
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4.1 Case study

Suppose four patients viz; Lil, Jones, Deby, and Inas visit a given laboratory for medical diag-
nosis. They are observed to have the following symptoms; temperature, headache, stomach pain,
cough, and chest pain. That is, the set of patients P is

P = {Lil, Jones, Deby, Inas},

and the set of symptoms S is

S = {temperature, headache, stomach pain, cough, chest pain}.

The intuitionistic fuzzy relation Q(P → S) is given hypothetically in Table 2.
Let the set of diseases D the patients are suspected to be suffering from be

D = {viral fever, malaria, typhoid, stomach problem, heart problem}.

The intuitionistic fuzzy relation R(S → D) is given hypothetically in Table 3. Note that, the data
in Tables 2 and 3 are extracted from [14]. The values of the membership and non-membership
functions of the composite relations B = R ◦Q is given in Table 4 using Equations 1 and 2, and
B = R ◦ Q is given in Table 5 using Equations 3 and 4. After finding the degree of hesitation
(π = 1 − [µ + ν]), we calculate B and B as given in Tables 6 and 7 using Equations 5 and 6,
respectively.

Q temperature headache stomach pain cough chest pain

Lil 〈0.8, 0.1〉 〈0.6, 0.1〉 〈0.2, 0.8〉 〈0.6, 0.1〉 〈0.1, 0.6〉
Jones 〈0.0, 0.8〉 〈0.4, 0.4〉 〈0.6, 0.1〉 〈0.1, 0.7〉 〈0.1, 0.8〉
Deby 〈0.8, 0.1〉 〈0.8, 0.1〉 〈0.0, 0.6〉 〈0.2, 0.7〉 〈0.0, 0.5〉
Inas 〈0.6, 0.1〉 〈0.5, 0.4〉 〈0.3, 0.4〉 〈0.7, 0.2〉 〈0.3, 0.4〉

Table 2. Q(P → S)

R viral fever malaria fever typhoid fever stomach problem chest problem

temperature 〈0.4, 0.0〉 〈0.7, 0.0〉 〈0.3, 0.3〉 〈0.1, 0.7〉 〈0.1, 0.8〉
headache 〈0.3, 0.5〉 〈0.2, 0.6〉 〈0.6, 0.1〉 〈0.2, 0.4〉 〈0.0, 0.8〉
stomach
pain

〈0.1, 0.7〉 〈0.0, 0.9〉 〈0.2, 0.7〉 〈0.8, 0.0〉 〈0.2, 0.8〉

cough 〈0.4, 0.3〉 〈0.7, 0.0〉 〈0.2, 0.6〉 〈0.2, 0.7〉 〈0.2, 0.8〉
chest pain 〈0.1, 0.7〉 〈0.1, 0.8〉 〈0.1, 0.9〉 〈0.2, 0.7〉 〈0.8, 0.1〉

Table 3. R(S → D)
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µB , νB viral fever malaria fever typhoid fever stomach problem chest problem

Lil 〈0.40, 0.10〉 〈0.70, 0.10〉 〈0.60, 0.10〉 〈0.20, 0.40〉 〈0.20, 0.60〉
Jones 〈0.30, 0.50〉 〈0.20, 0.60〉 〈0.40, 0.40〉 〈0.60, 0.10〉 〈0.10, 0.70〉
Deby 〈0.40, 0.10〉 〈0.70, 0.10〉 〈0.60, 0.10〉 〈0.20, 0.40〉 〈0.20, 0.50〉
Inas 〈0.40, 0.10〉 〈0.70, 0.10〉 〈0.50, 0.30〉 〈0.30, 0.40〉 〈0.30, 0.40〉

Table 4. µB(p, d) and νB(p, d)

µB, νB viral fever malaria fever typhoid fever stomach problem chest problem

Lil 〈0.60, 0.05〉 〈0.75, 0.05〉 〈0.60, 0.10〉 〈0.50, 0.25〉 〈0.45, 0.35〉
Jones 〈0.60, 0.05〉 〈0.40, 0.35〉 〈0.50, 0.25〉 〈0.70, 0.05〉 〈0.45, 0.45〉
Deby 〈0.60, 0.05〉 〈0.75, 0.05〉 〈0.70, 0.10〉 〈0.50, 0.25〉 〈0.45, 0.30〉
Inas 〈0.55, 0.05〉 〈0.70, 0.05〉 〈0.55, 0.20〉 〈0.55, 0.20〉 〈0.55, 0.25〉

Table 5. µB(p, d) and νB(p, d)

B viral fever malaria fever typhoid fever stomach problem chest problem

Lil 0.35 0.68 0.57 0.04 0.08

Jones 0.20 0.08 0.32 0.57 0.04

Deby 0.35 0.68 0.57 0.04 0.05

Inas 0.32 0.68 0.44 0.18 0.18

Table 6. B = µB − νBπB

B viral fever malaria fever typhoid fever stomach problem chest problem

Lil 0.5825 0.7400 0.5700 0.4375 0.3800

Jones 0.5825 0.3125 0.4375 0.6875 0.4050

Deby 0.5825 0.7400 0.6800 0.4375 0.3750

Inas 0.5300 0.6875 0.5000 0.5000 0.5000

Table 7. B = µB − νBπB

4.2 Decisions on the patients’ medical conditions

With the aid of Tables 6 and 7, we present the decision-making. Decisions are made based on
the greatest value of relation between patients and diseases. From Table 6, we notice that: Lil is
suffering from malaria fever; Jones is suffering from stomach problem; Deby is suffering from
malaria fever; Inas is suffering from malaria fever.

Similarly, we notice from Table 7 that: Lil is suffering from malaria fever; Jones is suffering
from stomach problem; Deby is suffering from malaria fever; Inas is suffering from malaria fever.

Both decisions from Tables 6 and 7 coincide but with a difference that the improved composite
relation for IFSs gives higher relational values. This shows that, the improved intuitionistic fuzzy
composite relation yields a better result when compared to max-min-max composite relation for
IFSs applied in [14].

55



5 Conclusion

IFS theory is a resourceful mathematical framework in the fuzzy family with a higher ability to
tackle uncertainty embedded in decision-making. A number of applications of IFSs have been
discussed in literature. In this paper, the De et al.’s approach for medical diagnostic process was
considered and improved upon. We showed that the improved intuitionistic fuzzy composite re-
lation yields a better output when compared to the De et al.’s approach. Thus, the need for its
application to solving medical diagnosis problem and other related problems cannot be overem-
phasized. The improved composite relation proposed in this paper could be used as a viable tool
in applying IFSs to multi-criteria decision-making problems. Albeit, it is suggested to consider
this approach from object-oriented perspective for quick output in further research.
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