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Abstract The objective of the present study is to
develop/establish a web-based medical diagnostic support
system (MDSS) by which health care support can be pro-
vided for people living in rural areas of a country. In
this respect, this research provides a novel approach for
medical diagnosis driven by integrating fuzzy and intuition-
istic fuzzy (IF) frameworks. Subsequently, based on the
proposed approach a web-based MDSS is developed. The
proposed MDSS comprises of a knowledge base (KB) and
intuitionistic fuzzy inference system (IFIS). Based on the
observation that medical data cannot be described with both
precision and certainty, a medical KB is constructed in the
form of a set of if-then decision rules by employing both
fuzzy and IF logics. After constructing the medical KB, a
new set of patients is considered for diagnosing the diseases.
For each patient, linguistic values of the patients’ symptoms
are considered as inputs of the proposed IFIS and modeled
by using the generalized triangular membership functions.
Subsequently, integrated fuzzy and IF rule-based inference
system is used to find a valid conclusion for the new set
of patients. In a nutshell, in this paper fuzzy rule-based and
IFS based inference systems are combined for better and
more realistic representation of uncertainty of the medical
diagnosis problem and for more accurate diagnostic result.
The method is composed of following four steps: (1) the
modeling of antecedent part of the rules, which consist of
linguistic assessments of the patients’ symptoms provided
by the doctors/medical experts with their corresponding
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confidence levels, by using generalized fuzzy numbers; (2)
the modeling of consequent part, which reveals the degree
of association and the degree of non-association of diseases
into the patient, by using IFSs; (3) the use of IF aggregation
operator in inference process; (4) the application of rela-
tive closeness function to find the final crisp output for a
given diagnosis. Finally, the applicability of the proposed
approach is illustrated with a suitable case study. This article
has also justified the proposed approach by using similarity
measurement.

Keywords Intuitionistic fuzzy set · Linguistic variable ·
Medical knowledge base · Fuzzy reasoning scheme ·
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1 Introduction

Health care access, affordability and quality are problems
for developing countries of the world and a large num-
ber of individuals do not receive the quality care that they
need [1]. Generally, rural public health systems across the
country face difficulty in attracting, retaining, and ensuring
the regular presence of highly trained medical profession-
als. It is well known that many doctors are not willing
to work in the rural areas due to lack of facilities, even
if they are paid high salaries. Nevertheless, many health
problems that rural people suffer from are preventable and
easily treatable [2]. In this respect, a simple computer-aided
symptom-based diagnostic application is needed to improve
the delivery of health services in rural areas, to guide the
paramedic/nurse in handling common ailments directly by
administering simple remedies; and only refer to secondary
care for the more complex problems. In recent times, these
are increasingly possible due to changes in information and
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medical technologies. Over the last decades, there have been
numerous implementations of computational intelligence in
medicine [3–5] for diagnosing a disease. Computer tech-
nology can be used to organize, store and retrieve medical
knowledge base (KB) as needed and, thus, can improve the
accessibility of curative, preventive and promotive health
services [6] to poor and unreached groups.

In spite of the increasing scientific evolution of both
information technology and medical science, the inherent
imprecision of the later makes the amalgamation of these
technologies a rather difficult task. The main sources of this
natural uncertainty are insufficient understanding of biolog-
ical systems and their interconnections, the ambiguity of
medical results and measurements [7]. As complex decision
making, disease diagnosis involves a number of symptom
analysis, and in this process, we have to face uncertainty
which essentially lies in human expressions. For example,
suppose at a consultation session [8] to evaluate a set of
symptoms for disease diagnosing purpose, a doctor asks a
patient about his(er) condition. When a patient describes
his(er) condition, there may be inexactness of information
about source of disease, period of suffering or the symp-
toms of disease. The doctor has to deal with this kind of
incomplete and imperfect information. Therefore, in medi-
cal diagnosis problems, the primary task may be regarded
as the proper management of incomplete information. Basi-
cally, the natural evolution of various diseases and the uncer-
tain nature of medical data require a consistent framework
that can model the uncertainty or imprecision, intrinsically
connected to the medical problem, by using variables and
multiple class memberships and facilitate approximate rea-
soning. This evidently makes the fuzzy logic (FL) a valuable
tool for representing medical concepts by treating them as
fuzzy sets [9]. Researchers have made several advancements
regarding the applications of fuzzy approach in the field
of medical diagnosis problems [10–14]. Fuzzy set assigns
to each member of the universe of discourse a degree of
membership between zero and one. By considering the
non-membership degree to the fuzzy set, Atanassov [15]
introduced intuitionistic fuzzy set (IFS) which implicates
the fact that the non-membership degree is not always com-
pliment to the membership degree. There may arise some
hesitations. Thus, there are some cases where IFS theory is
more suitable to deal with incomplete or inexact informa-
tion present in real-world applications [16–18]. In view of
this, IFS theory has been employed to cope with uncertainty
in medical diagnosis problems successfully [16, 19–21].

Based upon the observation that medical data are often
imprecise, incomplete and vague so that using standalone
IFS may not improve the accuracy of diagnosis, the aim of
this present study is to propose a new algorithmic approach
for solving medical diagnosis problem by utilizing both
fuzzy and intuitionistic fuzzy frameworks. We will provide

a brief overview of the relevant works for the medical diag-
nosis problems in Section 2, including the motivation and
ideas of the proposed approach.

The paper is planned as follows: Section 3 describes
some useful results that are used in our proposed medical
diagnostic support system (MDSS). The proposed MDSS is
presented in Section 4. In Section 5, a numerical example is
presented. In Section 6, a discussion about significance and
usefulness of the proposed approach is described. Further,
a similarity measurement is applied to validate the diagnos-
tic results of our approach. A sensitivity analysis is also
conducted in this Section to examine the impact of small
perturbations in the values of confidence level of the doctor
regarding evaluation of patients’ symptoms, on the diagnos-
tic results. A web-based tool for MDSS is introduced in
Section 7 while Section 8 concludes the discussion.

2 Related works and motivation

In this section, a brief review of the related works is carried
out followed by a discussion about the motivation behind
this work.

2.1 Related works

Nowadays, fuzzy rule-based model has been widely and
successfully used in medical reasoning [14, 22–24]. As per
our knowledge, several rule-based medical diagnosis sys-
tems have been published. Some of those works are given
below.

By utilizing fuzzy set theory and fuzzy production rules,
a weighted fuzzy reasoning algorithm for handling medical
diagnostic problems was introduced in [22]. In 2001, Yao
and Yao [23] proposed a fuzzy decision making method for
medical diagnosis on the basis of fuzzy number and com-
positional rule of inference. Moreover, by utilizing fuzzy
classification trees, Chiang et al. [25] proposed a medical
decision support system for colon polyp screening. For the
management of tropical diseases, Obot and Uzoka [24] used
fuzzy rule base framework. A neuro-fuzzy rule base net-
work methodology was applied in medical diagnosis in [26].
In 2009, Gadaras and Mikhailov described a methodology
of medical diagnosis by using fuzzy rule-based classifica-
tion technique [7]. Maio et al. [27] presented a medical
diagnosis system based on an ontology model, which rep-
resents a relation between medical disease and it’s symp-
tomatology in a qualitative manner by using fuzzy labels.
Fenza et al. [28] developed an architecture for context-aware
service discovery in the health care domain that exploits
synergy among intelligent agent technology, semantic web
models and computational intelligence techniques. Aribarg
et al. [29] introduced a classification method by using
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simulated annealing for efficient medical diagnosis. An
effective heart disease diagnosis was proposed in [30] with
the help of framing fuzzy rules by using support sets. By
using fuzzy inference system, Singh et al. [31] diagnosed
the arthritis disease. A web-based decision support system
by using fuzzy rule base for the diagnosis of typhoid fever
was developed by Samuel et al. [14]. Caponetti et al. [32]
proposed an approach based on fuzzy mathematical mor-
phology to delineate the segment images of human oocyte
from the entire image. Furthermore, fuzzy rule base sys-
tem was used to solve lung disease [33], breast cancer [34],
abdomen pain [35], disease in human brain [36], malaria
[37], vision defects [38], etc.

On the other hand, as mentioned in the introduction,
among all the higher order fuzzy sets, IFS has been used
effectively in medical diagnosis problems, due to its capa-
bility in modeling hesitation of human mind. For example,
in 2001, De et al. [16] formulated a medical diagnosis sys-
tem by using composition of intuitionistic fuzzy relation
(IFR). Kharal [19] presented a homeopathic drug selection
by using the same composition rule. Szmidt and Kacprzyk
[21] proposed a medical diagnosis process by distance mea-
sures of IFSs. Further, they used similarity measure [39] of
IFSs for supporting medical diagnostic reasoning. Again in
[40–42] several medical diagnostic approaches were devel-
oped based on similarity measures under intuitionistic fuzzy
environment. Applying an improved intuitionistic fuzzy
cross-entropy approach, Hung [43] solved a medical diag-
nosis problem. In 2012, Zhang et al. [44] presented a new
medical diagnosis process by utilizing score functions on
IFSs with double parameter. Hung and Tuan [20] pointed
out some shortcomings of [16] by providing appropriate
examples. Recently, few research articles are published in
this domain, where disease diagnosis is performed based on
intuitionistic fuzzy soft sets [45, 46] and type-2 fuzzy sets
[47, 48] based operations.

2.2 The motivation and ideas

Now although, as evident from the above literature review,
research articles of medical diagnosis problems are avail-
able on purely fuzzy rule-based methods and purely IFS
based models. The amalgamation of these two existing
approaches is an issue that remains looked into. The limi-
tations of IFSs based medical diagnosis problems are that
the information of previous diagnosis about patients are
not utilized in most of the works. On the other hand,
intrinsic uncertainty of medical problems cannot be tack-
led solely by fuzzy rule-based models. Thus, the next step
of evolution in solving medical diagnosis problem, requires
a paradigm that combines both fuzzy rule-based and IFS
based approaches. However, the problem of integrating
these two approaches in medical diagnosis problem setting

is not yet attended to so well and this is the aspect that
has motivated the present work. In other words, our idea
in this article is proposing a hybrid method between fuzzy
rule-based system and IFS based approach, to solve medi-
cal diagnosis problem, which can improve the effectiveness
of medical treatment as well as improve the accuracy of the
diagnosis.

For this purpose, first a medical KB is required to uti-
lize the previous diagnoses of patients. In the process of
making the medical KB, it is realized that in the evalua-
tion of a set of symptoms for disease diagnosis purpose,
medical expert may feel comfortable to express his(er) opin-
ion in natural language. The confidence level [49] of the
doctor in his(er) own opinion is also an important aspect.
For example, in a hospital two doctors are consulting to
assess a patient’s current physical condition. One expert
says “I have ‘full confidence’ that (s)he will be recovered
albeit slowly”. Another says that “I am ‘not so confident’
how his(er) recovery will be”. It is to be noted here that,
the diagnosis of a patient may be dependent on the confi-
dence level of a doctor. In such scenario, generalized fuzzy
number (GFN) [50] is a more appropriate tool to represent
linguistic opinion of the doctor as it considers the degree
of confidence of doctor’s opinion. With this viewpoint, in
this paper, a medical KB is constructed in the form of a set
of fuzzy decision rules. To form the KB, five symptoms,
such as, Temperature, Headache, Stomach pain, Cough and
Chest pain and five diseases, such as, Viral Fever, Malaria,
Typhoid, Stomach problem and Chest problem are consid-
ered. The antecedent part of the rules consist of linguistic
evaluation of patients’ symptoms with different degrees of
confidences of the doctors and the consequent part rep-
resents the degree of association and non-association of
diseases into the patients. To model this type of situation, we
propose a KB in which the variables in the antecedent part
are linguistic and they are quantified by GFNs. This means
that the values of the patients’ symptoms are expressed in
natural language term which easily represent the knowl-
edge of the medical experts. The variables in the consequent
part are quantified by IFSs, which consist of membership
and non-membership degrees. The membership degree cap-
tures the degree of association of the disease to the patient
and non-membership degree represents the degree of non-
association of the disease to the patient. Thus, both FL and
intuitionistic fuzzy logic (IFL) provide a rigorous frame-
work for verbal representation of medical concepts that
can be then embedded in meaningful fuzzy rules. Such
rules can be easily absorbed, verified, adapted and possibly
expanded by medical experts, and used for the development
of MDSS, which could be valuable in the process of med-
ical diagnosis. Then the new input data sets from patients
are collected as their observed symptoms. To determine a
proper diagnosis for each patient with the given values of
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tested symptoms, an appropriate intuitionistic fuzzy infer-
ence system (IFIS) based on the proposed medical KB
is used.

Finally, the research proposes a web-based MDSS by
using our proposed algorithm for the primary diagnosis of
diseases, such as, Malaria, Viral fever, Typhoid, Stomach
problem and Chest problem of patients having Temperature,
Headache, Stomach pain, Cough and Chest pain as symp-
toms. The system is developed with the aim of improving
the accessibility of the primary health care facilities, partic-
ularly to improve accessibility for the poor and unreached
groups of the rural areas in developing countries of the
world, where there are shortages of doctors and lack of
proper diagnostic infrastructure. The proposed system will
assist medical-personnel, especially in rural areas, to ensure
in providing quality at all levels of health and medical care
services.

3 Basic concepts

Due to inherent vagueness in medical diagnosis problems,
medical experts always feel comfortable to express their
opinions in natural languages. So, the first task is to quantify
these linguistic expressions. Since, in this present study, dur-
ing development of medical KB the other aim is to capture
the degree of confidences of experts’ opinions, naturally the
most suitable approach to quantify the opinions is with the
help of GFNs. Further, in this work IFSs are used to model
the possibility and impossibility of diseases into the patient
(a brief justification and deeper discussion for using GFNs
and IFSs are provided in Section 2.2). Thus, a primary dis-
cussion of various concepts, including fuzzy number, GFN,
generalized triangular fuzzy number (GTFN) and IFS are
mathematically introduced in Appendix A so as to facilitate
further study.

The following section establishes a convenient way of
constructing generalized triangular membership function
[51] for linguistic values of decision variables involved in
the antecedent part of the rule base.

3.1 Membership functions for the linguistic value
of decision variable

In this section, we revise the concepts of linguistic vari-
able and its representation. In this article, the medical KB is
designed in terms of if-then rules, where the decision vari-
ables in antecedent part of the rules expressed by linguistic
evaluation of patients’ symptoms and these variables can be
treated as linguistic variables [52]. A linguistic variable may
be regarded either as a variable whose value is a fuzzy num-
ber or as a variable whose values are defined in linguistic
terms.

Let u be the name of the linguistic variable and T (u) is
the term set of u, i.e., the set of names of linguistic values
of u with each value being a fuzzy number defined on U .
In this work, it is assumed that the values of each of the
linguistic variables, namely, u1, u2, ..., un are defined in the
interval [a, b] ⊂ R. Let U = [a, b] and the term set T(u)
consists of K + 1(K ≥ 2) terms as follows:

T (u) = {low1, around(a + β), around(a + 2β), ....,

around(a + (K − 1)β), highK}
where β = (b − a)/K and each term may be represented
[51] with the help of generalized triangular membership
functions {μ

˜A1
(u), μ

˜A2
(u), ..., μ

˜AK+1
(u)} (Fig. 1) of the

following form:

μ
˜A1

(u) = μlow1(u) =
⎧

⎨

⎩

(b − u)w1

(b − a)
, for a ≤ u ≤ b,

0, otherwise
(1)

The GTFN ˜A1 can be expressed as ˜A1 = [(a, a, b); w1].
μ

˜Ak
(u) = μaround(a+kβ)(u)

=

⎧

⎪

⎪

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎪

⎪

⎩

(u − a)wk

kβ
, for a ≤ u ≤ a + kβ,

wk, for u = a + kβ,
(b − u)wk

(b − a − kβ)
, for a + kβ ≤ u ≤ b,

0, otherwise

(2)

For 1 ≤ k ≤ K −1 and each of the corresponding GTFN
˜Ak is denoted as ˜Ak = [(a, a + kβ, b); wk] and

μ
˜Ak+1

(u) = μhighk
(u) =

⎧

⎨

⎩

(u − a)wk+1

(b − a)
, for a ≤ u ≤ b,

0, otherwise

(3)

The GTFN ˜Ak+1 is denoted as ˜Ak+1 = [(a, b, b); wk+1].
Where w1, w2, ..., wk+1(∈ [0, 1]) denote the corresponding
confidence level of the expert.

The novelty of this term set arrangement is that while
very little knowledge is available about the boundaries

Fig. 1 Membership function for the linguistic variable with (k + 1)
terms when w = 1
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Table 1 The term set

Term set Fuzzy numbers

Very Low(VL) (0,0,1)

Low(L) (0,0.25,1)

Medium(M) (0,0.5,1)

High(H) (0,0.75,1)

Very High(VH) (0,1,1)

of individual term, each term is stretched over the whole
domain, though the mid values of each of the terms are
situated at a fixed distance apart.

For example, we consider a term set as T (u) = {Very low,
Low, Medium, High, Very high} where each term in T(u) is
defined by a fuzzy number in the universe of discourse [0,1].
By using (1)–(3), each term of T(u) can be transformed to
associate fuzzy number as given in Table 1 (for the sake of
simplicity, in Table 1 and Fig. 1, the confidence level of the
expert is assumed as one).

The next section describes the aggregation operators
involved in the proposed IFIS.

3.2 Logical connective operators

In fuzzy reasoning scheme to find the matching degree
among the new fuzzy input data and each given rule, con-
junctions and disjunctions are two basic operations. The
realizations of conjunction and disjunction are facilitated
via triangular norm (t-norm) and triangular conorm (t-
conorm), respectively, as they offer a very wide class of
binary functions of conjunction and disjunction in fuzzy
context [53]. Moreover, the selection of suitable t-norm and
t-conorm operators depend on the user behavior towards the
aggregation and specific requirement of the decision sce-
nario [54]. The definitions of t-norm and t-conorm are given
as

Definition 1 [51, 55] A t-norm T is a function from [0, 1]×
[0, 1] → [0, 1] such that it is symmetric, associative, non
decreasing in each argument and T (a, 1) = a∀a ∈ [0, 1].

Definition 2 [55] A t-conorm S is a function from [0, 1] ×
[0, 1] → [0, 1] such that it is symmetric, associative, non
decreasing in each argument and S(a, 0) = a∀a ∈ [0, 1].

However, in the computation process of our proposed IFIS,
we utilize minimum and maximum operators as these two
operators are basic t-norm and t-conorm respectively.

Further, to obtain the inferred outcome of each rule
and overall output of the system, we need to facilitate the
operations of multiplication of IFS value by a scalar and
aggregation of several IFS values. In this work, we utilize

continuous Archimedean t-norm and t-conorm based addi-
tion and multiplication rules, proposed by Beliakov et al.
[56], as they produce more consistent result to aggregate IFS
values. In this regard, a brief description of the concepts of
IFS operations and aggregation operators for IFSs based on
continuous Archimedean t-norm and t-conorm, which are
extensively used in the proposed IFIS, are briefly reviewed
in Appendix B.

4 Proposed medical diagnosis approach

In this section, we present the proposed approach for med-
ical diagnosis. First, we shall describe how we interpret
medical diagnosis problem mathematically.

Given two sets X = {x1, x2..., xn} and Y =
{y1, y2..., ym} where X is a set of symptoms and Y is a
set of diseases, respectively. The values n and m ∈ N

are numbers of symptoms and diseases, respectively. The
interrelations among the symptoms and diseases are char-
acterized by using a set of decision rules that constitute
the medical KB. Subsequently, consider a new set, namely
P = {P1, P2, ..., Pt }, of t number of patients with symp-
toms {x1, x2..., xn}. The medical diagnosis problem aims
to provide an accurate and timely diagnosis of the diseases
{y1, y2..., ym} to the new set of patients.

4.1 Medical knowledge base

In our proposed approach, a medical KB is required, which
can be expressed as a set of inference rules in the form
‘if antecedent and then consequent’ specifying a relation-
ship between the inputs (symptoms) and outputs (diseases).
Consequently, it can provide useful information to physi-
cians/medical experts for better diagnosis of diseases while
a new set of symptoms is observed. The medical KB can
be carefully formulated after a detailed discussion about the
various aspects of Viral Fever, Malaria, Typhoid etc., with
the concerned medical experts.

During the discussion with the medical experts, it is real-
ized that to evaluate a set of symptoms, when doctor asks a
patient regarding his(er) condition, s(he) (i.e., patient) is not
to be so confident to describe the conditions. The confidence
level of the patient is inherently involved in the linguistic
expressions which are used for expressing their conditions.
As a result, when medical expert provides the judgments
based on the patient’s symptoms, the confidence level of the
patient is intrinsically connected to the expert’s advice. Such
linguistic expressions can be then suitably captured by GFN
as it considers the degree of confidence of expert’s opin-
ions. It is also worth to mention that sometimes an expert is
also in hesitation to provide judgments regarding the possi-
bility of disease into a patient. These observations form the
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background of the present study where the medical KB is
established by using a set of decision rules based on FL and
IFL and thus, the expertise of the doctor is captured when
diagnosing the patient.

In the decision rules that constitute the medical KB,
symptoms are considered in antecedent part and diseases in
consequent part. The antecedent part of the rules involve
linguistic evaluation of patient’s symptoms associated with
the degree of confidence of the doctor and the consequent
part reveals the state of the patient in terms of diagnosis. For
example, consider the following system of p fuzzy rules

Ri : If x1 is ˜Ai1 and x2 is ˜Ai2, .., xn is ˜Ain

then possibility of y1 is C1i , y2 is C2i , .., ym is Cmi. (4)

where i = 1, 2, ..., p (number of rules), GTFNs ˜Aij (j =
1, 2, ..., n), representing the values of the linguistic vari-
ables {x1, x2, ..., xn}, are defined in the universe [0, 1].
The computation procedure of constructing membership
functions of GTFNs is described in Section 3.1. The set
{y1, y2, ..., ym} represents the set of diseases and IFSs
Cki = (μyki

, νyki
)(k = 1, 2, ..., m) represent the degrees of

possibility and impossibility of disease yk , described in ith

rule. More specifically, μyki
represents the degree of asso-

ciation of disease yk into the patient and νyki
represents the

degree of non-association of disease yk into the patient.

4.2 Intuitionistic fuzzy inference system

This section presents intuitionistic fuzzy inference engine
(IFIE) which is the core of the proposed IFIS. In this part,
the discussed medical KB is applied to diagnose the disease
for a new patient and the process is described below.

Inputs: It is assumed that the medical KB, consists of p
fuzzy rules (as given in (4)), receives a new set of lin-
guistic values of symptoms, as fuzzy inputs denoted as
{˜U1, ˜U2, ..., ˜Un}.
Matching degree: The degree to which the fuzzy input
data ˜Uj(j = 1, 2, ..., n) matches the ith rule Ri is com-
puted by using a conjunction operator (t-norm T) and a
disjunction operator (t-conorm S) as follows [57]:

αi = T (Sx∈˜U(Tj=1,2,...,n(μ˜Aij (x), μ˜Uj (x))), i = 1, 2, ..., p

(5)

Output of each rule: Subsequently, the inferred outcome
of each rule is defined as an intuitionistic fuzzy value
based on the concept of Larsen’s [58] product impli-
cation operator and computed by using Definition B.1
(Appendix B) as follows:

αi(μyki
, νyki

) =
(

h−1 (

αih(μyki
)
)

, g−1 (

αig(νyki
)
)

)

.

Larsen’s [57, 58] product implication operator is used
for finding the association and non-association of dis-
eases into the patient. The reason for using such kind
of implication is that, it is the most commonly used
implication operator and is simpler in nature.

4.3 Aggregation of the rule outcomes

Eliciting the corresponding output obtained from each rule
Ri for the fuzzy inputs {˜U1, ˜U2, ..., ˜Un}, the overall system
output is computed as follows:

We apply the intuitionistic fuzzy arithmetic mean (IAM)
(defined in (13)) that combines the outcome (calculated in
the previous step) for each rule in the rule base. Thus, the
aggregated outcome Ck(k = 1, 2, ..., m) is computed as

Ck=IAM
(

α1(μyk1 , νyk1),α2(μyk2 , νyk2),..., αp(μykp
,νykp

)
)

=
(

1 − 1

p

p
∑

i=1

αi(1 − μyki
),

1

p

p
∑

i=1

αiνyki

)

=(μyk
, νyk

)(k = 1, 2, ..., m) (6)

where,

μyk
= 1 − 1

p

p
∑

i=1

αi(1 − μyki
) (7)

and

νyk
= 1

p

p
∑

i=1

αiνyki
(8)

Here, p = total number of rules in the rule base, Ck is the
aggregated outcome for the kth disease yk(k = 1, 2, ..., m).

More specifically, μyk
and νyk

are averages of strength
and non-strength of kth (k = 1, 2, ..., m) disease into a
patient, and computed by (7) and (8), respectively. Hence,
μyk

reveals the degree of association of disease yk into
a patient and νyk

reveals the degree of non-association of
disease yk into a patient.

Thus, the association and non-association of the diseases,
namely y1, ..., ym into the patient are obtained. Then final
diagnosis of the patient needs to be evaluated. For this pur-
pose, a process is required which translates the output of
the IFIE into crisp values, and this crisp diagnostic result is
mostly expected by medical experts for proper analysis and
explanation. For this purpose, we introduce the ‘most pos-
sible disease’ and we apply a relative closeness function F

over the aggregated outcome with respect to each disease.
This function will determine the relative closeness of each
disease with respect to the ‘most possible disease’.
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4.4 Final crisp output for finding the accurate
diagnostic result

First, we shall describe how we interpret ‘most possible
disease’ mathematically. If the possibility of a disease is
represented by IFS I+ = (1, 0), then it implies that the
possibility of attacking that disease is cent percent, i.e., the
patient is suffering from that particular disease. Similarly,
if the possibility of a disease is represented by IFS I− =
(0, 1), then it implies that the non-possibility of attacking
that disease is cent percent, i.e., the patient is not suffering
from that particular disease.

In order to find out the final diagnosis, the relative close-
ness coefficient [59] for each disease with respect to ‘most
possible diseases’ can be computed as follows:

F(Ck) = d(Ck, I
−)

d(Ck, I−) + d(Ck, I+)
(k = 1, 2, ..., m) (9)

where, d(Ck, I
+) =

√

(μyk
− 1)2 + (νyk

− 0)2,

d(Ck, I
−) =

√

(μyk
− 0)2 + (νyk

− 1)2 are computed by

using Euclidean distances of Ck from I+ = (1, 0) and
I− = (0, 1), respectively.

Then the patient’s diseases can be determined accord-
ing to greater relative closeness coefficient value defined in
(9). However, for any two diseases y1 and y2, if the corre-
sponding relative closeness coefficient values are equal and
maximum, i.e., F(C1) = F(C2), then it implies that the
patient may possess both the diseases y1 and y2.

A brief flow-chart of the proposed medical diagnosis
process is shown in Fig. 2.

5 Case study

Suppose in a given pathology, there are four patients,
namely Arka, Bumba, Chandra and Dip whose symptoms
are recorded by a routine case taking practice. We use the
proposed medical diagnostic approach for diagnosing some
diseases, such as, Malaria, Viral fever, Typhoid, Stomach
problem and Chest problem. For these four patients, we also
consider Temperature, Headache, Stomach pain, Cough and
Chest pain as symptoms for the aforementioned diseases.

Our next aim is to construct a medical KB in the form of
rule base. In literature, there are many ways of framing the
rules. One of the popular ways to formulate the rules is using
expert’s knowledge [14, 35, 37] and this process is widely
used in many applications. In this context, to construct the
rule base, the required data set is collected via survey from
a local government hospital at Patna, India, after a consul-
tation with the concerned medical experts about the various
aspects of the aforementioned diseases. We consider this
data as a primary level of our survey. However, in future

Fig. 2 Flowchart of the inference system

our aim is to modify this data via survey in sub-centres,
rural family welfare-centre, block primary health-centre and
other health-centres in the state.

Based on the collected data, a medical KB is constructed
by using ten fuzzy decision rules (R1 − R10) which are
described below.

R1 If Temp is H with confidence level (CL) 0.7 and Hdc
is M with CL 0.8 and Stp is VL with CL 0.8 and
Cough is VH with CL 0.5 and Chp is L with CL
0.9 then possibility of Vfev is (0.9,0.0) and Mal is
(0.5,0.3) and Typ is (0.4,0.6) and Stpr is (0.3,0.7) and
Chpr is (0.1,0.8)

R2 If Temp is H with CL 0.6 and Hdc is L with CL 1.0
and Stp is VL with CL 0.8 and Cough is M with
CL 0.8 and Chp is VH with CL 0.3 then possibility
of Vfev is (0.8,0.0) and Mal is (0.3,0.7) and Typ is
(0.8,0.2) and Stpr is (0.1,0.8) and Chpr is (0.1,0.9)

R3 If Temp is VH with CL 0.9 and Hdc is M with CL 0.4
and Stp is VL with CL 1.0 and Cough is H with CL
1.0 and Chp is L with CL 0.7 then possibility of Vfev
is (0.6,0.3) and Mal is (1.0,0.0) and Typ is (0.2,0.6)
and Stpr is (0.1,0.7) and Chpr is (0.1,0.9)
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Fig. 3 Matching degree calculation from Rule-1

R4 If Temp is VH with CL 0.7 and Hdc is L with CL 0.8
and Stp is VL with CL 1.0 and Cough is M with CL
1.0 and Chp is H with CL 0.7 then possibility of Vfev
is (0.6,0.3) and Mal is (0.8,0.0) and Typ is (0.2,0.5)
and Stpr is (0.1,0.8) and Chpr is (0.2,0.8)

R5 If Temp is M with CL 0.9 and Hdc is VH with CL 0.7
and Stp is H with CL 0.8 and Cough is L with CL 0.9
and Chp is VL with CL 0.9 then possibility of Vfev is
(0.5,0.4) and Mal is (0.5,0.3) and Typ is (0.9,0.0) and
Stpr is (0.1,0.7) and Chpr is (0.0,0.9)

R6 If Temp is M with CL 0.7 and Hdc is VH with CL 0.5
and Stp is L with CL 0.8 and Cough is H with CL 0.4
and Chp is VL with CL 0.8 then possibility of Vfev is
(0.4,0.4) and Mal is (0.3,0.5) and Typ is (0.8,0.1) and
Stpr is (0.3,0.7) and Chpr is (0.1,0.9)

R7 If Temp is VL with CL 0.8 and Hdc is L with CL 0.9
and Stp is VH with CL 0.9 and Cough is H with CL
0.3 and Chp is M with CL 0.5 then possibility of Vfev
is (0.1,0.7) and Mal is (0.3,0.5) and Typ is (0.4,0.4)
and Stpr is (1.0,0.0) and Chpr is (0.3,0.5)

R8 If Temp is VL with CL 0.7 and Hdc is M with CL 0.4
and Stp is VH with CL 0.8 and Cough is L with CL
0.5 and Chp is H with CL 0.4 then possibility of Vfev
is (0.2,0.7) and Mal is (0.1,0.7) and Typ is (0.2,0.7)
and Stpr is (0.8,0.1) and Chpr is (0.5,0.4)

R9 If Temp is L with CL 0.7 and Hdc is VL with CL 1.0
and Stp is M with CL 0.5 and Cough is H with CL 0.4
and Chp is VH with CL 0.9 then possibility of Vfev is
(0.1,0.6) and Mal is (0.2,0.6) and Typ is (0.3,0.6) and
Stpr is (0.2,0.8) and Chpr is (1.0,0.0)

R10 If Temp is L with CL 0.5 and Hdc is VL with CL 0.9
and Stp is H with CL 0.6 and Cough is M with CL 0.7

and Chp is VH with CL 0.7 then possibility of Vfev is
(0.2,0.7) and Mal is (0.1,0.6) and Typ is (0.2,0.6) and
Stpr is (0.4,0.5) and Chpr is (0.8,0.1)

where, VL=Very Low, L=Low, M=Medium, H=High,
VH=Very High; Temp=Temperature, Hdc=Headache,
Stp=Stomach Pain, Chp=Chest Pain; Vfev=Viral fever,
Mal=Malaria, Typ=Typhoid, Stpr=Stomach problem and
Chpr=Chest problem and CL=Confidence level.

As mentioned earlier, in the present study the rules that
constitute the rule base are carefully formulated with the
assistance of medical experts from a local government hos-
pital at Patna, namely, Mahavir Vaatsalya Aspatal, Patna,
India. The fuzzy rules can be further refined by embody-
ing doctor/medical experts’ domain knowledge, who may
decide to modify or delete some rules, or even add new one
[60].

In our rule base, to express antecedent part of the rules,
a linguistic term set having five polar terms, such as, Very
Low, Low, Medium, High and Very High is utilized. The
graphical representations of antecedent parts of rule R1 are
shown in Fig. 3, where, the blue line represents the clauses
of antecedents; the black dotted line represents the input,
whereas the green for matching degree.

Fuzzy input data (i.e., linguistic evaluations of new
symptoms) for four patients are given in Table 2.

To compute the matching degree, we consider t-norm T
and t-conorm S as the minimum operator and maximum
operator, respectively. The calculated matching degree for
each rule corresponding to the aforementioned patients’
symptoms is shown in Table 3.

The average of each rule’s output for every patient is
computed by using (6) and the results are given in Table 4.

Table 2 Input data

Patient Temperature Headache Stomach pain Cough Chest-pain

Arka (VH, 0.9) (H, 1) (M, 0.4) (L, 0.8) (VL, 1)

Bumba (VL, 1) (M, 0.9) (H, 0.8) (VL, 0.9) (L, 1)

Chandra (VH, 0.7) (H, 0.8) (L, 0.9) (H, 0.8) (VL, 0.9)

Dip (H, 0.8) (M, 1) (M, 0.7) (VH, 0.6) (L, 1)
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Table 3 Matching degree of
the rules Arka Bumba Chandra Dip

α1 0.3404 0.32 0.4324 0.5

α2 0.2307 0.245 0.225 0.24489

α3 0.5 0.4 0.4571 0.4

α4 0.4827 0.307 0.4613 0.4

α5 0.2857 0.3 0.3 0.3111

α6 0.3555 0.334 0.4 0.4

α7 0.2909 0.276 0.3 0.4

α8 0.3478 0.381 0.35 0.31578

α9 0.3555 0.3348 0.399 0.4363

α10 0.3414 0.459 0.34 0.4102

The relative closeness coefficient value with respect to
each disease for each patient is calculated by using (9) and
given in Table 5.

The normalized relative closeness coefficient value of
each disease for each patient is shown in Table 6.

Decision From Tables 5 and 6, it is clear that, Arka suffers
from malaria whereas Bumba, Chandra and Dip suffer from
viral fever.

6 Further analysis

6.1 Some important observations towards the proposed
approach

Some important analyzes of the novelty and significance to
the proposed method are summarized below.

• This study encompasses the idea of both fuzzy rule-
based and IFSs based medical diagnosis models to
enhance the accuracy of the final diagnostic result.
Furthermore, the proposed method could handle all
the issues of the standalone fuzzy rule and IFS based
methods.

• From the mentioned literature survey (Section 2.1), it is
observed that in the medical KB, none has considered
the idea of capturing confidence level of the medical
experts in their opinions. The present work uses the idea
for the first time, where the medical experts’ confidence

levels are taken into consideration in the formulation of
medical KB. Further, the proposed method makes the
diagnosis more flexible by modeling the decision part
(i.e., consequent part) by using IFS. An IFS can model
the chance of occurring and non-occurring of a disease
into a patient and this is very close to the real-life situ-
ations. Thus, the proposed method can also be regarded
as a consistent and meaningful framework to address
medical diagnosis problem.

• In this work, to capture the confidence levels of medi-
cal experts, the values of each of the linguistic variables
in the antecedent are represented by using GFNs. It is
worth noticing that, each GFN [51] in a term set is
stretched over the whole domain [0,1]. Due to the same
base of each of the GFNs, every rule provides a non-
zero matching degree (for the non-zero fuzzy input) and
it ensures that each and every rule could be fired and
consequently, it provides better efficiency to the output.
This research intends to address this issue, in an effort
to provide a more accurate diagnosis.

• In this paper, we have used t-norm, t-conorm and intu-
itionistic fuzzy aggregation operator in the IFIS, which
means that our method has a solid theoretical founda-
tion. The method is simple in terms of computation
compared to the other existing methods.

• The computational complexity of the proposed method
is evaluated as follows: if there are ‘n’ number of symp-
toms, ‘p’ number of rules and ‘m’ number of diseases,
then our algorithm requires ‘(3n − 1)p + (5p + 1)m +
10m’ arithmetic operations for producing diagnostic

Table 4 Average output

Patient C1 C2 C3 C4 C5

Arka (0.8037,0.1451) (0.8072,0.1334) (0.7889,0.1605) (0.7605,0.2098) (0.7598,0.2212)

Bumba (0.8064,0.1448) (0.8006,0.1405) (0.8025,0.1521) (0.7796,0.1925) (0.7810,0.1989)

Chandra (0.8067,0.1418) (0.8000,0.1416) (0.8026,0.1541) (0.7735,0.1999) (0.7702,0.2096)

Dip (0.7827,0.1593) (0.7768,0.1544) (0.7725,0.1749) (0.7436,0.2278) (0.7410,0.2357)
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Table 5 Relative closeness coefficient value

Patient\disease Vfev Mal Typ Stpr Chpr

Arka 0.8278 0.8347 0.8129 0.7750 0.7692

Bumba 0.8294 0.8180 0.8240 0.7932 0.7909

Chandra 0.8301 0.8272 0.8232 0.7865 0.7801

Dip 0.8100 0.8080 0.7975 0.7576 0.7525

result. In addition, for a fixed number of rules, with the
increase in number of symptoms and diseases, the com-
putational burden to generate diagnostic results grows
in linear order. So, there will be no big change in the
computational complexity in the case of more diseases
and symptoms as the complexity of our algorithm is of
polynomial order.

6.2 Validation of results using similarity measure

The proposed method makes the diagnosis flexible by
accommodating the idea of confidence level and incorporat-
ing the concept of IFS during the diagnostic process. As per
our knowledge, none has considered these ideas, therefore,
direct comparison to any other method is not possible. How-
ever, in an attempt to assess the accuracy of the results of our
proposed method, we will apply similarity measurements in
this section.

Researchers have introduced various similarity measures
[50, 61–63] for GTFNs. One of such measures, employed in
this work to validate the results of our case study, is Hwang
and Yang’s [62] similarity measure.

In our medical KB, variables in the antecedent part of
each rule are represented as GTFNs. The new inputs (symp-
toms of new patients) are also modeled as GTFNs. First, the
similarity between antecedent of each rule and input data
is computed by utilizing similarity measure. For instance,
suppose we have a rule

R1 : If X1 is ˜A11, X2 is ˜A12, ..., X5 is ˜A15 then Y1 is

C11, ..., Y5 is C15

and one new input with five clauses P11, P12, ..., P15.
Now find the similarity values, such as,
S(˜A11, P11), S(˜A12, P12), ..., S(˜A15, P15) by [62]. Then
the overall similarity between the set of new inputs and

antecedent of rule R1 is computed as

S(R1) = S(˜A11, P11) + S(˜A12, P12) + ... + S(˜A15, P15)

5
(10)

In this way, we can compute the overall similarity between
the set of new inputs and antecedent of each rule Ri(i =
1, 2, ..., p). Then, by observing the similarity values, one
particular rule is selected which has maximum overall sim-
ilarity. Then the consequent part of the selected rule is
considered for diagnosis of the disease for the new set of
inputs. For this purpose, based on the consequent part of
the selected rule, the relative closeness coefficient value for
each disease is computed in a way similar to the method
described in Section 4.4.

After applying, the similarity measurement method to
our case study (mentioned in Section 5), the obtained diag-
nostic results are described in Table 7.

From the Table 7, it is observed that, Arka suffers from
malaria, Bumba suffers from stomach problem, and Chan-
dra and Dip suffer from viral fever. This result is almost
same as described in our proposed approach.

Note Similarity measurement method allows to validate the
results of the medical diagnosis problem given in the case
study. However, by using this method strength of activa-
tion of the if-part of each rule for new input data can not
be computed. Thus, the standalone similarity measurement
method may not improve the accuracy of final diagnosis.
With this observation, similarity measurement method can
be viewed as a validation approach, wherein our aim is to
get an idea for estimating the possibility of diseases intu-
itively by observing the maximum similarity value between
the new input data and the given rules.

Table 6 Normalized relative closeness coefficient value

Patient\disease Vfev Mal Typ Stpr Chpr

Arka 0.2059 0.2077 0.2022 0.1928 0.1914

Bumba 0.2045 0.2017 0.2032 0.1957 0.1949

Chandra 0.2051 0.2044 0.2034 0.1943 0.1928

Dip 0.2063 0.2058 0.2032 0.1930 0.1917
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Table 7 Results by similarity measure

Patient Selected Closeness coefficient Diagnosis

rule Vfev Mal Typ Stpr Chpr

Arka Rule-4 0.6484 0.8649 0.2533 0.1566 0.1566 Malaria

Bumba Rule-8 0.2533 0.2171 0.2533 0.8434 0.5495 Stomach

problem

Chandra Rule-1 1.0000 0.7167 0.6484 0.2171 0.1566 Viral fever

Dip Rule-1 1.0000 0.7167 0.6484 0.2171 0.1566 Viral fever

6.3 Sensitivity analysis

Sensitivity analysis addresses to the answer of the question
‘How sensitive is the overall decision with respect to small
changes in the input values?’ In other words, sensitivity
analysis is the systematic investigation regarding the impact
of potential changes in the input values on the final decision.
Here we conduct a sensitivity analysis to explore the effect
of variation of confidence level of medical experts about
the symptoms of patients, on the final diagnostic result.
Without loss of generality, we assume that linguistic val-
ues (strengths of the symptoms are expressed by linguistic
values) are quantified by GTFNs and they are of the form
Si = [(ai, bi, ci);wi], where wi represents confidence level
of doctors/medical experts with respect to corresponding
symptoms. A slight variation in the original confidence level
provided by medical experts is computed as follows:

Si = [(ai, bi, ci);wi − �i], where �i is variation value
and its range is [0, min

i
wi] with 0 ≤ wi − �i ≤ 1.

Sensitivity analysis is performed to determine the influ-
ence of doctor’s confidence level in evaluating the symp-
toms of patients, on the final diagnostic result. The result of

the sensitivity analysis, i.e., the variation of strength of dis-
eases into the patients Arka, Bumba, Chandra and Dip are
depicted in Figs. 4, 5, 6 and 7, respectively.

From Fig. 4, we observe that, when the confidence level
of doctors in evaluating five symptoms of the patient Arka,
vary from 0 to 0.02, the strengths of the two diseases, such
as, Viral fever and Malaria, are changed. But over the range
[0,0.4], strengths of other three diseases, such as, Typhoid,
Stomach problem and Chest problem remain constant. It
demonstrates that, diseases Viral fever and Malaria are more
sensitive than other three diseases for the patient Arka.

From Fig. 5, we observe the following. During evaluation
of symptoms of the patient Bumba, for different values of
confidence levels of doctors in the range [0,0.05], strengths
of Stomach problem and Chest problem vary whereas in
the range [0.05,0.2] strengths of Malaria and Typhoid dis-
eases vary. But throughout the range [0,0.8], strength of
Viral fever remain constant. Hence, for the patient Bumba,
Malaria, Typhoid, Stomach problem and Chest problem are
more sensitive than the Viral fever.

From Fig. 6, it is observed that, if the confidence levels
of five symptoms of the patient Chandra vary from 0.08 to
0.12, then strengths of Malaria and Typhoid are changed.

Fig. 4 Diagnostic result of Arka
sensitive to confidence level of
symptoms provided by Doctors
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Fig. 5 Diagnostic result of
Bumba sensitive to confidence
level of symptoms provided by
Doctors

Fig. 6 Diagnostic result of
Chandra sensitive to confidence
level of symptoms provided by
Doctors

Fig. 7 Diagnostic result of Dip
sensitive to confidence level of
symptoms provided by Doctors
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In the range [0.1,0.16], strengths of diseases Viral fever,
malaria and Typhoid vary, whereas throughout the range
[0,0.7], strength of Chest problem remain fixed.

From Fig. 7, it is clear that, if the confidence levels
regarding five symptoms of the patient Dip vary from 0 to
0.06, then strengths of Viral fever and Malaria are changed.
Again, other three diseases Typhoid, Stomach problem and
Chest problem remain unchanged over the range. It states
that, Viral fever and Malaria are more sensitive than other
three diseases for the patient Dip.

Finally, in order to explore the applicability of the pro-
posed method, a web-based MDSS for diagnosing diseases
is developed in the following section.

7 A web-based tool for supporting medical
diagnosis

One of the key challenges in today’s world is to provide
primary healthcare for the people living in rural areas. As
mentioned in the introduction, delivering health services in
such areas is quite difficult due to lack of adequate medical
infrastructure and scarcity of trained doctors. The advance-
ment of web technologies and wide access of the internet,
open up a new avenue for delivering primary medical ser-
vices via web-based applications. The major advantages
of a web-based system are that it can be accessed from
anywhere via internet and can perform specific complex
decision making task to assist users. In view of this, we
develop a web-based tool to diagnose five common dis-
eases based on the proposed medical diagnosis approach.
Basically, the system is designed to support primary health
workers working in rural health service centers, to diagnose
the disease at initial level. Thus, the system can be regarded
as a way of complementing the inadequate number of med-
ical experts in developing countries. The architecture of the
web-based MDSS is depicted in Fig. 8.

Fig. 9 Interactive web page for diagnosis

The system consists of three components: user interface,
decision making module and data management module.
User interface helps the primary health workers to interact
with the system via interactive web pages. First, the health
workers complete examining the patients and collect data
related to the signs and symptoms of diseases. Then, they
provide their assessments for each of the symptoms (Fig. 9).
These assessments are basically GFNs and used as new
inputs of the system for diagnosis the diseases of the new
patients.

The decision making module is responsible for process-
ing each set of inputs by using the proposed medical KB
and IFIS. When a health worker feeds the system with
values representing signs and symptoms of diseases based
on his(er) observations regarding a patient and directs the
system to diagnosis the disease by clicking the button ‘Diag-

Fig. 8 Architecture of the web
based system
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Fig. 10 Diagnosis result of the system

nosis patient’ (Fig. 9), consequently this decision making
module is started running on a web server on the back-
ground of the system and finally, produces the diagnosis
result (Fig. 10). Figure 10 shows that the patient with ID
‘01’ has viral fever with 81 % possibility. The data manage-
ment module is responsible for storing all the data generated
during this process.

The system is developed in Netbeans integrated devel-
opment environment (IDE) by using HyperText Markup
Language (HTML), Java (J2SE), Java server pages (JSP),
JavaScript programming languages with My Structured
Query Language (MYSQL) as the database management
systems.

To demonstrate the method that drives the proposed sys-
tem, we evaluate it by using the collected medical data of
fifteen patients as presented in Table 8. For each of the
patients, the diagnostic result is shown in the last column of
Table 8.

The following observations on the proposed web-based
MDSS, we would like to share with our readers.

In most of the rural areas of developing countries, an
insufficient number of doctors has enhanced the mortality of
patients who are suffering from various diseases [5]. As an
illustration, in rural areas of India sometimes specialist doc-
tors may come to the health-centre only once in a week. The
waiting time for treatments in health-centre of rural areas
sometimes takes a few days or weeks. By that time, the con-
dition of patients gets worse as the disease may have already
spread out. As many of the diseases could have been cured
at the early stage, the patients may have to suffer for the rest
of their life.

With this observation in the background, a web-based
MDSS is developed by emulating human intelligence,
which could be used to assist the health workers in predict-
ing the diseases, without consulting the specialists directly.
Health workers will be trained on how to use such a sys-
tem for diagnosing patients as a way of complementing
the insufficient number of medical experts/specialists in
rural areas [14]. The software will not replace the specialist
or doctor [5], as it is developed to assist medical prac-
titioner and health workers in diagnosing and predicting
the patient’s condition from certain rules without spend-
ing several hours. The proposed system can assist/helps the
medical workers of health-centre in predicting the disease

Table 8 Web based diagnostic result

Patient Temperature Headache Stomach Cough Chest Diagnostic

ID pain pain result

01 (H, 0.8) (M, 1) (M, 0.7) (VH, 0.6) (L, 1) Viral fever

02 (L, 0.3) (VL, 0.8) (M, 0.8) (H, 0.5) (H, 0.4) Typhoid

03 (VL, 0.9) (L, 0.5) (M, 0.8) (M, 0.7) (H, 0.8) Viral fever

04 (VL, 0.3) (L, 0.4) (M, 0.8) (H, 0.6) (VH, 0.9) Typhoid

05 (VH, 0.7) (H, 0.8) (L, 0.9) (H, 0.8) (VL, 0.9) Viral fever

06 (L, 0.2) (VL, 0.8) (VH, 0.8) (M, 0.3) (H, 0.7) Stomach

problem

07 (H, 0.7) (VH, 0.8) (M, 0.7) (L, 0.8) (M, 0.4) Malaria

08 (L, 0.1) (VL, 0.7) (M, 0.7) (H, 0.5) (H, 0.6) Typhoid

09 (H, 0.8) (L, 0.3) (M, 0.6) (M, 0.7) (H, 0.4) Viral fever

10 (VH, 0.9) (H, 1) (M, 0.4) (L, 0.8) (VL, 1) Malaria

11 (L, 0.5) (VL, 1) (H, 0.7) (M, 0.6) (VH, 0.8) Viral fever

12 (VL, 0.8) (L, 0.9) (VH, 0.9) (H, 0.3) (M, 0.4) Viral fever

13 (VH, 0.9) (M, 0.4) (VL, 1) (H, 1) (L, 0.7) Malaria

14 (VL, 0.6) (H, 0.9) (L, 0.6) (H, 0.8) (VH, 0.9) Viral fever

15 (H, 0.6) (M, 0.5) (L, 0.8) (VL, 0.8) (H, 0.7) Malaria
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which can provide early diagnosis before starting a proper
medical treatment. The system can reduce the chances of
developing serious illness as well as avoid unnecessary tests.
If the patients’ diseases are not diagnosed in early stage then
they would not have the appropriate medical treatment, they
have to buy several drugs, may go for several medical tests,
etc., which may imply an over cost for the patients [10].

In this respect, the proposed web-based MDSS can save
time, avoid unnecessary drugs and tests, reduce extra cost
and help patients.

8 Conclusion

This study has presented a novel algorithm to solve medi-
cal diagnosis problem by integrating fuzzy and intuitionistic
fuzzy frameworks. The research contribution has two phase:
first phase executes a new diagnostic approach and vali-
dates the final outcome. Second phase develops a web-based
MDSS for the diagnosis of diseases by adapting the pro-
posed approach. This method has considered a set of five
related diseases with a set of common symptoms. The
advantages of this approach can be pointed out as follows:
(i) the proposed methodology presents an attempt to develop
a medical diagnostic approach considering medical experts’
confidence levels, (ii) the proposed medical KB has a higher
utility due to its ability to include possibility and non-
possibility of diseases during the diagnostic process, (iii) the
method is simple in terms of computation, (iv) the member-
ship construction method makes an effort so that each rule
could be fired for providing better efficiency to the output,
(v) the proposed algorithm is used for developing web-based
MDSS.

In general, it may be concluded that combination of GFN
and IFS in medical knowledge base makes the medical diag-
nostic model developed in the present work more realistic.
This is because the use of GFN and IFS imply that both
confidence level of patients in expressing their conditions
and hesitation of medical experts in providing the degree of
possibility of diseases—are being taken into consideration
simultaneously and thus, enhance the capability of handling
uncertainty in the medical diagnosis problems. It is impor-
tant to remark here that, this is a reasonable starting point,
since, we could not find any ready-made benchmark data
which can fit in the proposed MDSS. This is because the
rule base of our medical diagnostic model is not only framed
by using fuzzy numbers but also IFSs. Thus, in the present
study, we have fitted the approach by a short amount of
collected data (with the assistantship of doctors) and vali-
dated the result of our case study by similarity measurement
method.

In future, we would like to extend the proposed MDSS
with a large set of samples and symptoms collected via

survey in sub-centre, rural family welfare-centre, block pri-
mary health-centre and other health-centres in our state and
analyze the results in comparison with the conventional
approaches.

Acknowledgments We are very grateful to the Editors and the
anonymous Reviewers for their insightful and constructive comments
and suggestions for the improvement of the manuscript. The authors
would like to thank Dr. Rajesh Ranjan, Mahavir Vaatsalya Aspatal,
Patna, India for his precious assistance in data analysis of our research.
We especially appreciate Dr. Tapomay Dutta Majumder, for his utmost
co-operation in rule base construction from collected data. The first
author gratefully acknowledges the financial support provided by Min-
istry of Human Resource Development, Government of India and third
author gratefully acknowledges the financial support provided by the
Council of Scientific and Industrial Research, New Delhi, India, under
Award 09/1023(007)/2011-EMR-I.

Appendix A

Here, we review definitions and concepts of fuzzy num-
ber, GFN and IFS that are required for developments of the
present study. We start by recalling the definition of a fuzzy
number.

Definition A.1 [64] A fuzzy set defined on real line R is
called a fuzzy number if it is convex, normal and having
a piecewise continuous membership function with bounded
support.

To represent expert’s opinion, in a more flexible manner,
GFN is better to use as it captures confidence level of expert.
The definition of GFN is given as follows:

Definition A.2 [50] A GFN ˜A = [(a, b, c, d); w], where
a,b,c,d are real numbers and 0 < w ≤ 1, is a fuzzy subset
of the real numbers R with a membership function μA(u)

which satisfies the following conditions:

i) μ
˜A(u) is a continuous function from R to the closed

interval [0, w].
ii) μ

˜A(u) = 0,where −∞ < u ≤ a.
iii) μ

˜A(u) is monotonic increasing function in [a,b].
iv) μ

˜A(u) = w,where b ≤ u ≤ c.
v) μ

˜A(u) is monotonic decreasing function in [c,d].
vi) μ

˜A(u) = 0, where d ≤ u < ∞.

If μ
˜A(u) is a linear function of u and also b = c then ˜A is

called a GTFN. Without any loss of generality, throughout
the work to represent the linguistic assessments of patients’
symptoms, provided by the medical experts, in a flexible
manner, we consider GTFNs. When a GTFN ˜A is used to
represent the expert’s opinion, the value w indicates the
level of confidence of the medical expert.
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Definition A.3 [15] An IFS A in the universe U
can be expressed as a set of ordered triple, A =
{(u, μA(u), νA(u)) : u ∈ U}, where μA(u) : U → [0, 1]
is the degree of belongingness and νA(u) : U → [0, 1] is
the degree of non-belongingness of u in A. They satisfy the
relation 0 ≤ μA(u) + νA(u) ≤ 1∀u ∈ U . The quantity
πA(u) = 1−μA(u)−νA(u) is called the degree of hesitation
(indeterminacy) of u in A.

A brief description of the concepts of IFS operations
and aggregation operators for IFSs based on continuous
Archimedean t-norm and t-conorm, are briefly reviewed in
Appendix B.

Appendix B

It is well known that, a strict Archimedean t-norm has
a representation by means of its additive generator [56]
g : [0, 1] → [0, ∞] such that g(1) = 0 as T (x, y) =
g−1 (g(x) + g(y))

Similarly, a strict Archimedean t-conorm is expressed
through its additive generator [56] h : [0, 1] → [0, ∞] as
S(x, y) = h−1 (h(x) + h(y))

With the above analysis, pointwise operations for IFSs
based on a given strict Archimedean t-norm T (generated by
an additive generator g) and strict Archimedean t-conorm
S (generated by an additive generator h) are introduced as
follows:

Definition B.1 [54, 56] Let a1 = (μa1 , νa1) and a2 =
(μã2 , νã2) be two IFSs and α ≥ 0 be a scalar, and let a strict
t-norm T and strict t-conorm S be generated by additive
generators g and h, respectively. Then

(i) a1 ⊕ a2 = (

S(μa1 , μa2), T (νa1 , νa2)
)

= (

h−1
(

h(μa1)+h(μa2)
)

, g−1
(

g(νa1)+g(νa2)
))

(ii) a1 ⊗ a2 = 〈

T (μa1 , μa2), S(νa1 , νa2)
)

=(

g−1
(

g(μa1)+g(μa2)
)

, h−1
(

h(νa1)+h(νa2)
))

(iii) αa1 = (

h−1
(

αh(μa1)
)

, g−1
(

αg(νa1)
))

(iv) aα
1 = (

g−1
(

αg(μa1)
)

, h−1
(

αh(νa1)
))

To combine several IFSs into a single IFS, an aggre-
gation function [53] is required which can be defined as:
a function f : [0, 1]n → [0, 1] is called aggregation
function of n arguments if it satisfies the properties (i)
f (0, 0, ..., 0) = 0 and f (1, 1, ..., 1) = 1; (ii) if x ≤ y then
f (x) ≤ f (y)∀x, y ∈ [0, 1]n. In this work, we use intu-
itionistic fuzzy weighted arithmetic mean (IWAM) operator
to aggregate IFSs. Based on arithmetic operations of IFSs
defined in Definition B.1, IWAM operator [56] is defined as

Definition B.2 [56] Let ai = (μai
, νai

)(i = 1, 2, ..., n)

be a collection of IFSs. An IWAM operator is a mapping
IWAM : (R+)n → R

+ which is defined by

IWAM(a1, a2, ..., an) = ω1a1 + ω2a2 + ... + ωnan

=
(

h−1

(

n
∑

i=1

ωih(μai
)

)

, g−1

(

n
∑

i=1

ωig(νai
)

))

(11)

where ω = (ω1, ω2, .., ωn)
T be the weight vector of ai(i =

1, .., n), ωi > 0,and
n

∑

i=1

ωi = 1.

Definition B.3 [56] If in particular, h−1 = h = 1 − Id and

g−1 = g = Id on [0, 1], and that
n

∑

i=1

ωi = 1 ensures the

argument of h−1 ∈ [0, 1], then IWAM and IAM operator
reduce to the following forms:

IWAM(a1, a2, ..., an)

=
(

1 −
(

n
∑

i=1

ωi(1 − μai
)

)

,

n
∑

i=1

ωiνai

)

(12)

If the weight vector ω = ( 1
n
, 1

n
, ..., 1

n
)T , then IWAM opera-

tor reduces to IAM operator and consequently (12) becomes

IAM(a1, a2, ..., an)=
(

1−
(

1

n

n
∑

i=1

(1 − μai
)

)

,
1

n

n
∑

i=1

νai

)

(13)
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