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Abstract: An essential aspect of healthcare is receiving an appropriate and opportune disease
diagnosis. In recent years, there has been enormous progress in combining artificial intelligence
to help professionals perform these tasks. The design of interval Type-3 fuzzy inference systems
(IT3FIS) for medical classification is proposed in this work. This work proposed a genetic algorithm
(GA) for the IT3FIS design where the fuzzy inputs correspond to attributes relational to a particular
disease. This optimization allows us to find some main fuzzy inference systems (FIS) parameters,
such as membership function (MF) parameters and the fuzzy if-then rules. As a comparison against
the proposed method, the results achieved in this work are compared with Type-1 fuzzy inference
systems (T1FIS), Interval Type-2 fuzzy inference systems (IT2FIS), and General Type-2 fuzzy inference
systems (GT2FIS) using medical datasets such as Haberman’s Survival, Cryotherapy, Immunotherapy,
PIMA Indian Diabetes, Indian Liver, and Breast Cancer Coimbra dataset, which achieved 75.30, 87.13,
82.04, 77.76, 71.86, and 71.06, respectively. Also, cross-validation tests were performed. Instances
established as design sets are used to design the fuzzy inference systems, the optimization technique
seeks to reduce the classification error using this set, and finally, the testing set allows the validation
of the real performance of the FIS.

Keywords: medical classification; classification; genetic algorithm; Interval Type-3 fuzzy logic;
Cryotherapy; Haberman; Immunotherapy; PIMA Indian Diabetes; Indian Liver; Breast Cancer Coimbra
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1. Introduction

In modern healthcare, the accurate diagnosis of diseases holds paramount signif-
icance. Timely and precise identification of medical conditions is pivotal for effective
treatment and essential for mitigating their potentially dire consequences. In recent years,
the incorporation of artificial intelligence (AI) into medical diagnostics has emerged as a
transformative force, offering innovative approaches to disease classification and detection,
allowing health experts more tools to provide a correct diagnosis. Artificial intelligence
represents a powerful ally in pursuing more accurate and efficient disease diagnosis with
its capacity to analyze extensive datasets, discern patterns, and adapt to evolving sce-
narios. Machine learning algorithms have demonstrated remarkable proficiency in the
early detection of diseases, often preceding the manifestation of clinical symptoms [1–4].
But another area within AI is fuzzy logic (FL), which, since its creation, has had many areas
of application where it has demonstrated its effectiveness in solving highly complex prob-
lems. Its applications range from the classification of foods based on their characteristics [5],
fuzzy control problems where the inputs of the FIS play an important role in obtaining
important output values that allow the stability of the models [6], to responses combination
for pattern recognition applied to time series prediction [7] or human recognition [8], and
classification problems [9] to mention a few applications. A significant contribution that
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FL has had is in medical applications, where, either alone or in combination with other
techniques, it has allowed it to be an excellent support tool in medical diagnosis [10,11].
In Ref. [12], a fuzzy rule-based model is presented for Diabetes classification, where the
results achieved demonstrated its effectiveness to be proven in the healthcare sector to help
in the diagnosis. In Ref. [13], a system based on FL to predict postoperative complications is
proposed using characteristics about current voltage for acupuncture points; the proposed
method was successfully applied to the surgical treatment of benign prostatic hyperplasia,
demonstrating it to be a tool to help in the diagnosis. In Ref. [14], a fuzzy decision tree is
proposed as a classification method for medical data, where authors show that the pro-
posed method achieved better accuracy over conventional classifiers. Comparisons among
Support Vector Machine (SVM), Naive Bayes (NB), Decision Tree (DT), Artificial Neural
Networks (ANN), Type 1, Interval, and General Type-2 FIS have been performed, where
the FIS are optimized using particle swarm optimization, the General Type-2 FIS proved
to have better results over the other techniques applied to medical diagnosis even using
different level of uncertainty and cross-validation [15,16].

Many works have compared the results obtained between different types of fuzzy
systems. In these works, it has been observed that depending on the complexity of the
problem and the data used, the type of FL to be used will depend. In Ref. [6], The advantages
of Interval Type-2 FIS are shown over Type-1 FIS, applied to a modification of Flower
Pollination Optimization for Rotary Inverted Pendulum System. The application of noise
effects and load disturbance mainly demonstrates the robustness and effectiveness of
the method. In Ref. [17], a General Type-2 fuzzy PID (proportional integral derivative)
controller is presented and compared versus PID, Type-1 fuzzy PID, and Interval Type-2
fuzzy PID using uncertainties such as controller disturbance or output noise, and the
proposed PID achieved better results than the other methods shown. It is also important
to mention the combination that has been made of Type-2 fuzzy logic with the Internet
of Things (IoT). In Ref. [18], a control model using Type-2 fuzzy logic is presented to
determine the intensity of water absorption applied to IoT infrastructure with sensors
to measure humidity conditions. In Ref. [19], Type-2 fuzzy logic is applied to analyze
accelerometer signals for an IoT system for driving support, showing its ability to adjust
to driving expectations by collecting information about driving conditions. In Ref. [8],
a comparison of T1FIS, IT2FIS, and GT2FIS optimized by a hierarchical genetic algorithm
is shown for the combination of responses of modular granular neural networks applied
to human recognition, where the achieved results prove the effectiveness of the GT2FIS
when the biometric measures information has noise or have poor quality. Comparisons
applied FL to time series prediction are also performed and applied to COVID-19-confirmed
cases, where a fuzzy weighted average is proposed to obtain a final prediction of ensemble
neural networks. The achieved results prove the advantages of the Interval Type-3 fuzzy
weighted average in predicting information of complex time series. The parameters of
the FIS are optimized using a Firefly Algorithm [7]. Although there are currently many
techniques for performing optimizations, GA is one of the first methods used to search
for parameters and architectures, which continues to be an excellent tool for obtaining
optimized parameters related to FL [20–23]. In Ref. [24], a method combining GA and FL
is applied to improve the performance of a pump as a turbine is proposed. In Ref. [25], a
real-coded genetic algorithm with fuzzy control is proposed, where the fuzzy inference
system establishes its parameters, such as the probability of mutation, type of crossover, and
population size applied to system dynamics models. In Ref. [26], a binary-coded genetic
algorithm is proposed and applied to Magnetotelluric modeling, where each gene is used
to optimize the resistivity and thickness of homogenously horizontal layers. In Ref. [27],
a real-coded genetic algorithm is proposed and applied to software mutation testing; the
proposed method integrates the path coverage-based testing method with the novel idea of
tracing a fault detection matrix. In Ref. [28], a real-coded genetic algorithm is proposed
and applied to optimize the Stewart platform with rotary actuators for the flight simulator
mechanism. In Ref. [29], implementing FL in a 3D printer is proposed. The authors work on
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modifying its base using the direct current motor, the acquisition card, and the power stage.
The results show that the optimization of values of the MF of the FIS obtained better times
than other techniques.

One of the main motivations of this work is to improve results obtained in previous
works, where fuzzy systems were designed to classify diabetes using the PIMA Indian
Diabetes dataset. The results showed the effectiveness of IT2FIS for classifying this disease.
In Ref. [30], a real-coded GA is developed to design Type-1 FIS using five attributes of the
dataset, where a comparison designing different fuzzy if-then rules was presented, demon-
strating the importance of designing them. In Ref. [31], the design of Interval Type-2 FIS
and its optimization using a GA is proposed, and the results achieved prove the effec-
tiveness of these kinds of fuzzy systems over the Type-1 FIS applied to the PIMA Indian
Diabetes dataset using the same five attributes. For both work the instances were divided
into two sets: design and testing. In this work, we proposed the IT3FIS design. The novelty
of the proposed method lies in the design of a general method capable of classifying by
designing the IT3FIS using a percentage of instances. The design consists of establishing
the ranges of the input fuzzy variables and the design of the fuzzy rules, allowing the
reduction of the number of fuzzy rules, proving to be an excellent tool for classification and
reducing time execution.

This paper has the following structure. A description of Type-3 fuzzy logic can be
found in Section 2. In Section 3, a brief description of genetic algorithms is presented.
The proposed method is described in Section 4. In Section 5, the results obtained by the
proposed method are presented. In Section 6, discussion and statistical tests are shown.
In Section 7, our conclusions are shown.

2. Type-3 Fuzzy Logic

Type-1 FL is a helpful intelligence technique that can be used to be applied to model
elaborate problems. L.A. Zadeh proposed this technique in 1965 [32,33], where an element
in part belongs with a particular membership grade with a crisp number between 0 and 1
to a set. An improvement of the FL was proposed in 1975: Type-2 FL [34]. In Type-2 FL,
unlike Type-1 FL, the elements do not have a crisp number [0, 1]. A fuzzy set (FS) in [0, 1]
allows the definition of the MF [35]. The description of a Type-2 fuzzy system is given by
Equation (1):

Ã = {((x, u), (x, u)) | ∀x ∈ X , ∀u ∈ Jx ⊆ [0, 1], (x, u) ∈ [0, 1]} (1)

where X represents the domain of the fuzzy variable, a primary membership is represented
by Jx ⊆ [0, 1], and (x, u) defines a secondary membership (Type-1 FS). The footprint of
uncertainty (FOU) represents the uncertainty region. A Type-2 MF interval occurs when
(x, u) = 1, ∀u ∈ Jx ⊆ [0, 1]. In Figure 1, the upper (x) and lower (x) MF of a Trapezoidal
Type-2 MF [36] is shown. An Interval Type-2 fuzzy set is determined as Equation (2).

Ã = {((x, u), 1)|∀x ∈ X, ∀u ∈ Jx ⊆ [0, 1]} (2)

In Type-3, we can potentially handle higher degrees of uncertainty with respect to
Type-2 due to the nature of the membership functions. A Type-3 fuzzy set (T3 FS) [37,38] is
represented by the notation A(3), is the graph of a trivariate function named MF of A(3),
in the cartesian product defined by Equation (3), where the primary variable of A(3) has a
universe X, x. The membership function of A(3) is defined by A(3)(x, u, v), and is a Type-3
membership function of the T3 fuzzy set defined by Equation (4):

A(3) : X × [0, 1]× [0, 1] → [0, 1] (3)

A(3) =
{(

x, u(x), v(x, u), A(3)(x, u, v)
) ∣∣x ∈ X, u ∈ U ⊆ [0, 1], v ∈ V ⊆ [0, 1]

}
(4)
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where u is the secondary variable and has the universe U, and V for the tertiary variable v.
A Trapezoidal Interval Type-3 MF

∼
µA(x, u) = ScaleTrapScaleGaussIT3MF with Trapezoidal

FOU(A) has for the upper membership function (UMF) as parameters [pa1, pb1, pc1, pd1],
and the lower membership function (LMF): pλ (LowerScale) and p↕ (LowerLag) to form

DOU =
[
µ(x), µ(x) ]. The representation of this MF is given by Equation (5).

∼
µA(x, u) =ScaleTrapScaleGaussIT3MF (x, {{[pa1, pb1, pc1, pd1] }, pλ,

[
p↕1 p↕2

]
]} (5)

Axioms 2024, 13, x FOR PEER REVIEW 4 of 23 
 

 
Figure 1. Trapezoidal Type-2 MF. 

In Type-3, we can potentially handle higher degrees of uncertainty with respect to 
Type-2 due to the nature of the membership functions. A Type-3 fuzzy set (T3 FS) [37,38] 
is represented by the notation 𝐴(ଷ), is the graph of a trivariate function named MF of 𝐴(ଷ), 
in the cartesian product defined by Equation (3), where the primary variable of 𝐴(ଷ) has 
a universe 𝑋, 𝑥. The membership function of µ஺(య) is defined by µ஺(య)(𝑥, 𝑢, 𝑣), and is a 
Type-3 membership function of the T3 fuzzy set defined by Equation (4): µ஺(య): 𝑋 ൈ [0,1] ൈ [0,1] → [0, 1] (3) 𝐴(ଷ) =  ൛൫𝑥, 𝑢(𝑥), 𝑣(𝑥, 𝑢), µ஺(య)(𝑥, 𝑢, 𝑣)൯ ห𝑥 ∈ 𝑋, 𝑢 ∈ 𝑈 ⊆ [0,1], 𝑣 ∈ 𝑉 ⊆ [0, 1]ൟ (4) 

where 𝑢 is the secondary variable and has the universe 𝑈, and 𝑉 for the tertiary variable 𝑣. A Trapezoidal Interval Type-3 MF 𝜇෤𝔸(𝑥, 𝑢) = ScaleTrapScaleGaussIT3MF with Trape-
zoidal 𝐹𝑂𝑈(𝔸)  has for the upper membership function (UMF) as parameters [𝑝௔ଵ, 𝑝௕ଵ, 𝑝௖ଵ, 𝑝ௗଵ] , and the lower membership function (LMF): 𝑝ఒ  (LowerScale) and 𝑝ℓ 
(LowerLag) to form 𝐷𝑂𝑈 = [𝜇(𝑥), 𝜇(𝑥)]. The representation of this MF is given by Equa-
tion (5). 𝜇෤𝔸(𝑥, 𝑢) = ScaleTrapScaleGaussIT3MF (x,{{[𝑝௔ଵ, 𝑝௕ଵ, 𝑝௖ଵ, 𝑝ௗଵ]}, 𝑝ఒ, [𝑝ℓଵ 𝑝ℓଶ]}) (5) 

The vertical cuts 𝔸(௫)(𝑢)  identify the 𝐹𝑂𝑈(𝔸) , these are Interval Type-2 FS with 
Gaussian Interval Type-2 MF, 𝜇𝔸(௫)(𝑢) with parameters [𝜎௨, 𝓂(𝑥)] for the UMF, and for 
LMF: 𝜆 (LowerScale) and ℓ (LowerLag). An illustration of a Type-3 Trapezoidal MF with 
a vertical cut is shown in Figure 2. This Interval Type-3 membership function is defined 
with the Equation (6).  

𝜇(𝑥) =
⎩⎪⎪⎨
⎪⎪⎧ 0      , 𝑥 ൏ 𝑝௔ଵ𝑥 െ 𝑝௔ଵ𝑝௕ଵ െ 𝑝௔ଵ , 𝑝௔ଵ ൑ 𝑥 ൏ 𝑝௕ଵ1      , 𝑝௕ଵ ൑ 𝑥 ൑ 𝑝௖ଵ𝑝ௗଵ െ 𝑥𝑝ௗଵ െ 𝑝௖ଵ , 𝑝௖ଵ ൏ 𝑥 ൑ 𝑝ௗଵ0     , 𝑥 ൐ 𝑝ௗଵ

 (6) 

The values (𝑝௔ଶ, 𝑝௕ଶ, 𝑝௖ଶ, 𝑝ௗଶ) determine the lower membership function of the domain 
of uncertainty (DOU), 𝜇(𝑥) is determined by the values where these are functions of the 

Figure 1. Trapezoidal Type-2 MF.

The vertical cuts A(x)(u) identify the FOU(A), these are Interval Type-2 FS with
Gaussian Interval Type-2 MF, µA(x)(u) with parameters [σu,⇕(x)] for the UMF, and for
LMF: λ (LowerScale) and ↕ (LowerLag). An illustration of a Type-3 Trapezoidal MF with a
vertical cut is shown in Figure 2. This Interval Type-3 membership function is defined with
the Equation (6).

µ(x) =



0 , x < pa1

x − pa1

pb1 − pa1
, pa1 ≤ x < pb1

1 , pb1 ≤ x ≤ pc1

pd1 − x
pd1 − pc1

, pc1 < x ≤ pd1

0 , x > pd1

(6)
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The values (pa2, pb2, pc2, pd2) determine the lower membership function of the domain
of uncertainty (DOU), µ(x) is determined by the values where these are functions of the
parameters (pa1, pb1, pc1, pd1) of the UMF for the domain of uncertainty, µ(x), and the
elements of the LowerLag (↕) vector. i.e.,

∆r = (pb1 − pa1)p↕1 (7)

∆l = (pd1 − vc1)p↕2 (8)

pa2 = pa1 + ∆r (9)

pb2 = pb1 + ∆r (10)

pc2 = pc1 − ∆l (11)

pd2 = pd1 − ∆l (12)

(x) =



0 , x < pa2

x − pa2

pb2 − pa2
, pa2 ≤ x < pb2

1 , pb2 ≤ x ≤ pc2

pd2 − x
pd2 − pc2

, pc2 < x ≤ pd2

0 , x > pd2

(13)

The function µ(x) and the parameter λ are multiplicated to create the LMF of the
domain of uncertainty, µ(x), is described as the following: µ(x) = λ µ(x). Then, the
upper and lower limits of the domain of uncertainty are represented respectively by u(x)
and u(x). The range, δ(u), and radio, σu, of the footprint of uncertainty are calculated by
Equations (14) and (15).

δ(u) = u(x)− u(x) (14)

σu =
δ(u)
2
√

3
+ ε (15)

where machine epsilon is represented by ε. Equation (16) defines the apex, ⇕(x), of the
IT3 MF

∼
µ(x, u).

(x) =



0 , x < pa

x − pa

pb − pa
, pa ≤ x < pb

1 , pb ≤ x ≤ pc

pd − x
pd − pc

, pc < x ≤ pd

0 , x > pd

(16)

where pa = (pa1 + pa2)/2, pb = (pb1 + pb2)/2, and pc = (pc1 + pc2)/2 y pd = (pd1 + pd2)/2.
Then, the vertical cuts with Interval Type-2 MF, µA(x)(u) =

[
µA(x)

(u), µA(x)(u)
]
, are pre-

sented with the Equations (17) and (18).

µA(x)(u) = exp

[
−1

2

(
u − ⇕(x)

σu

)2
]

(17)

µA(x)
(u) = s·exp

[
−1

2

(
x − ⇕(x)

σ∗
u

)2
]

(18)
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where σ∗
u = σu

√
ln(↕)
ln(ε) , p↕ =

(
p↕1 + p↕2

)
. If p↕ = 0, then σ∗

u = σu. Then, µA(x)(u) and

µA(x)
(u) are the UMF and LMF of the vertical cuts IT2 FS of the secondary IT2 MF of the

IT3 FS [39]. Figure 3 shows a representation of this IT3 MF.
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3. Genetic Algorithms

GA is based on the principles of evolution and natural selection. With this type of
optimization strategy, the strongest individual survives to the following generation [40].
A chromosome functions as a representation of an individual (solution), where each chro-
mosome contains genes that represent values to be optimized. The algorithm runs for a
certain amount of generation or some other stopping criteria [41,42]. The algorithm begins
by creating the population with random values within the ranges established in the search
space. The next steps are repeated until the maximum number of generations or the stop
criteria are achieved. The population is ranked, and the individual (solution) with the best
performance is protected to avoid modifications (Elitism). The next step is called selection,
where a part of the population (depending on the population rate) is modified with to
application of the genetic operators. In the crossover, to create a new offspring, two individ-
uals are taken with the roles of parent to combine their genes resulting in the exchange of
information between the two individuals. This genetic operator is the mechanism to ensure
the reshuffle of characteristics of the parents in their children [43]. The value of one or more
genes is modified to alter the chromosome. This step is called mutation and is the main
way of evolving new individuals from old ones. The next step consists of reinserting the
new population the individual previously saved [44–46]. Two types of genetic algorithms
are defined based on their coding: binary and real. A binary-coded genetic algorithm uses
binary strings to represent individuals in the population. Meanwhile, a real-coded genetic
algorithm uses real numbers to represent genes [43]. In Figure 4, a representation of a basic
binary-coded GA flowchart is shown.
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4. Proposed Method

The proposed method is implemented in medical classification. In this section, the
proposed method description, implementation, and datasets are presented.

4.1. Description of the Method

The medical classification performed by the proposed method consists of using from
1 to n attributes to obtain a final classification. The number of attributes depends on the
illness or diagnosis to be given. Each attribute represents an input in the IT3FIS. In this
work, Trapezoidal MF is applied to each fuzzy input variable, using 3 MFs in each one
(MFLow, MFMedium, and MFHigh). In this work, the Trapezoidal membership function is
used due to its ability to represent a triangular membership function by joining its central
points [31]. The optimal parameters of the Type-3 Trapezoidal MF (a1, b1, c1, d1, LowerScale,
and LowerLag) and the fuzzy if-then rules are designed by a real-coded GA. In Figure 5, a
representation of the proposed method is shown, where a Sugeno Model is applied with n
attributes to finally obtain a final result.
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4.2. Datasets Description

A total of 7 datasets are utilized to design and prove the proposed method to show the
potential of the proposed method. In Table 1, the number of attributes and instances of each
one is shown. Two sets are created using the instances: design and testing. The creation of
the FIS depends on the design set, and its real behavior is verified with the testing set.

Table 1. Benchmark datasets.

Dataset Attributes Instances

Haberman’s Survival 3 306
PIMA Indian Diabetes 5 and 7 336

Cryotherapy 7 90
Immunotherapy 8 90

PIMA Indian Diabetes 8 768
Indian Liver 9 583

Breast Cancer Coimbra 10 116

4.3. Application to Medical Classification

The Haberman’s Survival dataset, using its 3 attributes, are presented in Figure 6
to describe the proposed method in more detail, where each attribute corresponds to
each input of the fuzzy inference systems. The information of each instance enters its
corresponding fuzzy inference system input of the Sugeno Model to obtain a classification.
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The search space is defined by an analysis of the design set. The minimum and
maximum values of each attribute are calculated by Equations (19) and (20).

Vmin = min
{

attrj
1, attrj

2, attrj
3, . . . , attrj

i

}
(19)

Vmax = max
{

attrj
1, attrj

2, attrj
3, . . . , attrj

i

}
(20)

where j is the corresponding attribute (from 1 to n), and i represents the number of instances
used in the design set. The minimum and maximum ranges of the fuzzy input are calculated
by Equations (21) and (22).

Rmin = Vmin − (Vmin ∗ 0.10) (21)

Rmax = Vmax + (Vmax ∗ 0.10) (22)

Equations (19)–(22) are used for each attribute of the dataset. With those calculations,
all the ranges for the fuzzy inputs are automatically generated. An example of the ranges
for Haberman’s Survival dataset is shown in Table 2.
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Table 2. Examples of ranges for the Haberman’s Survival dataset.

Attributes Rmin Rmax

Age
(attr1) 27 73.70

Op_Year
(attr2) 52.20 75.9

Axil_Nodes
(attr3) 0 57.2

Figure 7 shows an example of the fuzzy inputs corresponding to Haberman’s Survival
dataset attributes, where its ranges can be observed.
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4.4. Description of the GA

A real-coded GA is proposed to determine the optimal parameters of Interval Type-3
FIS. The ranges previously calculated are applied to define the upper membership function
of each Type-3 Trapezoidal MF, which in turn are utilized to establish the search space.
This means that depending on the dataset, the values will chang. In Table 3, the rest of the
parameters are shown.

To calculate the chromosome size, first the number of total rules must be calculated by
Equation (23).

TR = n3 (23)
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where n is the number of attributes of the dataset to perform the classification. Once the
number of rules has been calculated, the size can be calculated by Equation (24).

size = (21 ∗ n) + 3 + (TR ∗ 2) (24)

Table 3. Search space of the GA.

Parameters Minimum Maximum

Trapezoidal MFs (a1, b1, c1, d1) - -
LowerScale (λ) 0.1 0.9

LowerLag (↕1, ↕2). 0.1 0.9
Output 0 1

Fuzzy if-then rules Consequents 1 3
(Activation or deactivation) 0 1

The chromosome size depends on the number of attributes (n). This number is multi-
plied by 21 because each Type-3 Trapezoidal MF has seven parameters (pa1, pb1, pc1, pd1,
pλ, p↕1, and p↕2) and there are three Type-3 Trapezoidal MF in each fuzzy input. Three
membership functions are used because previous works have shown that this number of
membership functions allows good results for classification problems [30,31], as well as in
other applications [47]. The three constants of the output are added to this multiplication,
and finally, the multiplication of TR by 2 (consequents and activation status). For example,
Haberman’s Survival dataset has three attributes, n = 3. Therefore, TR = 27, so the chromo-
some size is 119 genes. A representation of the chromosome applied for the Interval Type-3
FIS design is shown in Figure 8.
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We can summarize the process in Figure 9 with 5 main steps:

1. The dataset is divided into design and testing sets.
2. The range of the fuzzy input and the maximum number of fuzzy rules are established

based on the design test, the search space of the GA is determined, and the individuals
are established with random values.
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3. Each individual allows the design of each fuzzy inference system. The parameters of
the membership functions are established.

4. The same individual is allowed to know if a fuzzy rule will be added to the fuzzy
inference system using the genes assigned to this task. The values of these genes
are values between 0 and 1. If the value is equal to or less than 0.5, the fuzzy rules
are omitted, and if the value is greater than 0.5, the fuzzy rules are added, and a
consequent is assigned.

5. When the fuzzy inference system is fully designed, the testing set is used to prove the
FIS, where each instance is evaluated for the fuzzy inference system, and the resulting
value determines its class.
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An illustration of the schematic of the GA applied to design Type-3 FIS for medical
classification is shown in Figure 10.
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In this work, a real-coded GA is applied to design the Interval Type-3 FIS, and its con-
figuration is as follows: as the selection method is Tournaments, a mutation rate of 0.2 with
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a single point crossover. The parameters established for the genetic algorithm are based
on previous works where genetic algorithms have been used to optimize fuzzy inference
systems [8]. The proposed GA seeks the minimization of the classification error. In this
work, Equation (25) is used to calculate the accuracy.

Accuraccy =
TP + TN

TP + FP + TN + FN
(25)

where False Positive, True Positive, False Negative, and True Negative are represented as
FP, TP, FN, and TN, respectively. The Equation (26) provides the objective function applied
by the GA:

f = 1 − TP + TN
TP + FP + TN + FN

(26)

5. Experimental Results

The results obtained with the first two datasets are shown in this section. The configu-
ration of the number of iterations was established for comparison purposes. The summary
and the results of the other datasets are presented in Section 6. In Section 6.1, comparisons
with other works are shown.

5.1. Haberman’s Survival Dataset Results

For Haberman’s Survival dataset, 60% of the instances were used in the design phase,
leaving the rest (40%) to prove the real behavior of the Type-3 FIS. In total, 30 experiments
were performed using the proposed GA. Figure 11 shows the inputs with the best results in
the testing phase. The Type-3 fuzzy inference achieves in this phase 77.05% of accuracy.
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Table 4 shows the fuzzy if-then rules achieved for Haberman’s Survival dataset.
Initially, for this dataset, the FIS must have 27 fuzzy if-then rules. However, the proposed
method allowed obtain a better result with only 13 fuzzy if-then rules.

Table 4. Fuzzy if-then rules (Haberman’s Survival dataset).

Rule
Antecedents Consequent

Age Output Axil_Nodes Output

1 MFLow MFLow MFHigh MFHigh

2 MFLow MFMedium MFLow MFLow

3 MFLow MFMedium MFMedium MFMedium

4 MFLow MFMedium MFHigh MFMedium

5 MFLow MFHigh MFLow MFLow

6 MFMedium MFLow MFLow MFMedium

7 MFMedium MFMedium MFLow MFMedium

8 MFMedium MFHigh MFMedium MFHigh

9 MFHigh MFLow MFLow MFLow

10 MFHigh MFMedium MFLow MFMedium

11 MFHigh MFMedium MFMedium MFMedium

12 MFHigh MFMedium MFHigh MFHigh

13 MFHigh MFHigh MFLow MFMedium

As Table 5 shows, in the design phase, better results are obtained because the proposed
GA allowed designing the Type-3 FIS with a part of the instances. However, an important
part is the real behavior of the Type-3 FIS, with instances not used in the design phase.
The convergence average of the evolutions is shown in Figure 12. For each experiment,
30 generations were used.

Table 5. Haberman’s Survival dataset results.

Design Testing

(Best) (Average) (Best) (Average)

79.89% 77.14% 77.05% 75.30%
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5.2. PIMA Indian Diabetes Dataset Results

For the PIMA Indian Diabetes dataset, 70% of the instances were used in the de-
sign phase, leaving the rest (30%) to prove the real behavior of the Type-3 FIS. In total,
30 experiments were performed using the proposed GA with 1000 generations, each ex-
periment using only 5 of 8 attributes. As Table 6 shows, in the design phase, better results
are obtained because the proposed GA allowed designing the Type-3 FIS with a part of the
instances. However, the Interval Type-3 FIS obtained allowed to have good results with
instances not used in the design phase. Figure 13 shows the inputs with the best results in
the testing phase, where 86.38% of accuracy is achieved.

Table 6. PIMA Indian Diabetes results.

Design Testing

(Best) (Average) (Best) (Average)

86.38% 83.65% 83.17% 81.52%
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Table 7 shows the fuzzy if-then rules achieved for the PIMA Indian Diabetes dataset.
Initially, for this dataset, the FIS must have 243 fuzzy if-then rules. However, the proposed
method allowed obtain a better result with only 27 fuzzy if-then rules. The convergence
average is shown in Figure 14.

Table 7. Fuzzy if-then rules (PIMA Indian Diabetes dataset).

Rule
Antecedents Consequent

Glucose BP BMI DPF AGE Output

1 MFLow MFMedium MFLow MFMedium MFHigh MFLow

2 MFLow MFMedium MFLow MFHigh MFMedium MFLow

3 MFLow MFMedium MFMedium MFMedium MFHigh MFHigh

4 MFLow MFMedium MFMedium MFHigh MFMedium MFHigh

5 MFMedium MFLow MFMedium MFMedium MFMedium MFHigh

6 MFMedium MFMedium MFLow MFMedium MFLow MFLow

7 MFMedium MFMedium MFLow MFHigh MFLow MFMedium

8 MFMedium MFMedium MFMedium MFMedium MFLow MFHigh

9 MFMedium MFMedium MFMedium MFMedium MFMedium MFMedium

10 MFMedium MFHigh MFMedium MFLow MFMedium MFHigh

11 MFHigh MFLow MFLow MFHigh MFHigh MFHigh

12 MFHigh MFMedium MFLow MFMedium MFMedium MFHigh

13 MFHigh MFMedium MFMedium MFLow MFLow MFHigh

14 MFHigh MFMedium MFMedium MFMedium MFHigh MFHigh

15 MFHigh MFMedium MFHigh MFLow MFMedium MFMedium

16 MFHigh MFHigh MFMedium MFLow MFLow MFMedium

17 MFHigh MFHigh MFMedium MFLow MFLow MFMedium

18 MFHigh MFHigh MFMedium MFLow MFLow MFMedium

19 MFHigh MFHigh MFMedium MFLow MFLow MFMedium

20 MFHigh MFMedium MFMedium MFHigh MFMedium MFMedium

21 MFHigh MFMedium MFMedium MFHigh MFHigh MFMedium

22 MFHigh MFHigh MFHigh MFLow MFHigh MFMedium

23 MFHigh MFMedium MFHigh MFHigh MFMedium MFHigh

24 MFHigh MFHigh MFHigh MFLow MFMedium MFHigh

25 MFHigh MFHigh MFMedium MFMedium MFLow MFMedium

26 MFHigh MFHigh MFMedium MFMedium MFMedium MFMedium

27 MFHigh MFHigh MFHigh MFMedium MFMedium MFLow
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6. Discussion

Experiments with and without cross-validation were carried out to evaluate the per-
formance of the proposed method. Table 8 shows the best and average results achieved
in both phases (design and testing) with corresponding standard deviations. Table 8 sum-
marizes the results achieved with all the datasets used in this work. As Table 8 shows, for
Cryotherapy, Immunotherapy, and Breast Cancer Coimbra databases, the cross-validation
allowed for improving the percentage of accuracy in both phases (design and testing).

Table 8. Summary results.

Dataset k-Fold
%

Design Set
%

Testing Set
Design Testing

Mean Std Dev Mean Std Dev

Haberman’s Survival
- 60 40 77.14 1.3906 75.30 0.6361
5 80 20 76.78 1.3645 76.69 1.1509

10 90 10 76.55 0.8739 77.73 2.0233

Cryotherapy
- 60 40 85.12 4.0829 87.13 1.5446
5 80 20 85.42 3.1570 86.67 2.0286

10 90 10 89.17 2.1510 89.67 1.6605

Immunotherapy
- 60 40 84.26 2.4194 82.04 2.2759
5 80 20 84.86 1.8391 85.56 2.0951

10 90 10 84.40 2.3520 83.78 1.8295

PIMA Indian Diabetes
- 60 40 74.26 1.4760 77.76 1.1085
5 80 20 74.11 1.7514 77.18 0.3064

10 90 10 74.46 1.8471 77.66 1.7584

Indian Liver
- 60 40 72.45 0.7416 71.86 0.4014
5 80 20 71.85 0.4863 72.40 0.6870

10 90 10 71.93 0.7086 72.26 0.9167

Breast Cancer Coimbra
- 60 40 63.19 4.5129 71.06 2.1350
5 80 20 66.19 3.1440 72.78 2.2471

10 90 10 75.58 1.2419 74.91 1.4342

PIMA Indian Diabetes
(5 attributes) - 70 30 83.65 0.9194 81.52 1.1133

In Table 9, the comparison of the results obtained with the proposed method and the
results obtained in a previous work [31] using five attributes of the PIMA Indian Diabetes
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is shown. These results were achieved using T1FIS and IT2FIS and its comparison with the
proposed method (IT3FIS).

Table 9. PIMA Indian Diabetes results (5 Attributes).

Method
Design Testing

(Best) (Average) (Best) (Average)

T1FIS 83.44% 81.46% 80.20% 76.34%

IT2FIS 86.68% 82.45% 83.17% 78.68%

IT3FIS 86.38% 83.65% 83.17% 81.52%

It can be observed that the best result obtained by the proposed method does not
overcome the best results previously obtained by IT2FIS, but the average was surpassed by
a large difference for both phases.

Table 10 shows the average times of the experiments performed with the genetic
algorithm for each dataset with the different validations. It can be observed how the use
of cross-validation increases the time. It is also important to mention that the number of
generations is significant and impacts the amount of time, as in the case of the PIMA Indian
dataset with five attributes, where 1000 generations were used for its execution.

Table 10. Average time of the evolutions.

Dataset Hold-Out 5-Fold 10-Fold

Haberman’s Survival 00:04:22 00:16:36 00:32:54

Cryotherapy 00:02:54 00:11:08 00:24:11

Immunotherapy 00:02:32 00:10:41 00:21:04

PIMA Indian Diabetes 00:24:46 01:43:04 03:50:29

Indian Liver 00:23:32 02:04:30 03:38:27

Breast Cancer Coimbra 00:05:45 00:23:34 00:45:00

PIMA Indian Diabetes
(5 attributes) 05:24:34 - -

Figure 15 shows the average number of fuzzy rules generated by the genetic algorithm
for each dataset with their number of attributes. It can be seen how the 5- and 10-fold
cross-validation helped reduce the number of rules for Haberman’s Survival and Breast
Cancer Coimbra datasets. In some other cases, only one of the cross-validations allowed a
reduction in the number of fuzzy rules, as in the case of the Cryotherapy, Immunotherapy,
and Indian Liver datasets. The number of fuzzy rules increased with cross-validations
only for the PIMA Indian Diabetes dataset. The proposed method allows the mainte-
nance of an appropriate number of fuzzy rules independently of the number of attributes.
In general, the contribution of the optimization of fuzzy rules is essential because their
design collaborates with the increase in the percentage of accuracy.

The complexity of a genetic algorithm can be established based on the number of
iterations and the number of individuals. For the proposed method, the complexity of
the evaluation of each individual lies in the use of Type-3 fuzzy inference systems. The
complexity of a Type-3 fuzzy model was described in [47], where it was determined that
complexity based on the vertical-slices theory for centroid type reduction is approximately
O(NKL). Where it is assumed that a primary variable x is sampled into N points, K is the
number of iterations to approximate a switch point, and L means samples for a vertical
slice. The complexity is reduced from exponential to linear.
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6.1. Statistical Comparison

The results previously shown are used to carry out statistical tests determining if the pro-
posed method allows obtaining a significant advantage over other methods. Table 11 shows
the parameters used to perform the statistical Z-tests and t-tests presented in this section.

Table 11. Tests parameters.

Parameter Value

Significance 0.95
H0 µ1 = µ2
H1 µ1 > µ2

Critical Value (Z-test/T-test) 1.645/1.812

In Table 12, the comparison between the proposed method (IT3FIS) and T1FIS and
IT2FIS developed in a previous work [31] is shown. Where the Z-values are more than the
critical value, then it is concluded that the H0 is rejected. There is enough evidence to affirm
that the proposed method is better than T1FIS and IT2FIS applied to the PIMA Indian
Diabetes dataset using only five attributes and 30% of the instances for the evaluation of
the FIS designed.

Table 12. Values of Z-test for PIMA Indian Diabetes with 5 attributes.

Method N Mean Std Dev z-Value p-Value

IT3FIS 30 81.52 1.1133
9.7750 1.36 × 10−21

T1FIS 30 76.34 2.6814

IT3FIS 30 81.52 1.1133
6.6860 1.54 × 10−10

IT2FIS 30 78.68 2.0429

In the results presented in Refs. [15,16], the results achieved show the effectiveness of
the GT2FIS over T1FIS and IT2FIS. For this reason, the statistical comparison is performed
directly between GT2FIS and IT3FIS. In Table 13, the results achieved using 40% of the
instances for evaluating the FIS designed are presented, where the z-values achieved show
the improvement provided by the IT3FIS in all the datasets except for Indian Liver and the
Breast Cancer Coimbra, where the obtained results by the proposed method are better than
GT2FIS but with not enough statistical evidence.

In Table 14, the results achieved using 20% of the instances for evaluating the FIS
designed are presented with five cross-validations, where the t-values achieved show
the improvement allowed by the Interval Type-3 FIS in all the datasets, proving that the
proposed method is better than General Type-2 FIS with enough statistical evidence.
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Table 13. Values of Z-tests using 40% of the instances for validation of the FIS.

Dataset Method N Mean Std Dev z-Value p-Value

Haberman’s Survival
IT3FIS 30 75.30 0.6361

2.8115 0.0025GT2FIS 30 74.01 2.4285

Cryotherapy IT3FIS 30 87.13 1.5446
2.0482 0.0203GT2FIS 30 85.52 4.0122

Immunotherapy IT3FIS 30 82.04 2.2759
2.2462 0.0123GT2FIS 30 78.79 7.5888

PIMA Indian Diabetes
IT3FIS 30 77.76 1.1085

2.5702 0.0051GT2FIS 30 76.60 2.2156

Indian Liver
IT3FIS 30 71.86 0.4014

0.7714 0.2202GT2FIS 30 71.48 2.6631

Breast Cancer Coimbra
IT3FIS 30 71.06 2.1350

0.7483 0.2271GT2FIS 30 69.87 8.4725

Table 14. Values of t-tests using 20% of the instances for validation of the FIS with 5 cross-validations.

Dataset Method N Mean Std Dev t-Value p-Value

Haberman’s Survival
IT3FIS 10 76.69 1.1509

6.1340 3.69 × 10−5
GT2FIS 10 74.30 0.4450

Cryotherapy IT3FIS 10 86.67 2.0286
2.6674 0.0081GT2FIS 10 83.89 2.594

Immunotherapy IT3FIS 10 85.56 2.0951
18.5907 4.54 × 10−12

GT2FIS 10 71.05 1.3027

PIMA Indian Diabetes
IT3FIS 10 77.18 0.3064

6.3802 4.56 × 10−6
GT2FIS 10 76.17 0.3970

Indian Liver
IT3FIS 10 72.40 0.6870

2.7279 0.0074GT2FIS 10 71.36 0.9830

Breast Cancer Coimbra
IT3FIS 10 72.78 2.2471

2.5457 0.0117GT2FIS 10 70.70 1.2927

The results achieved using 10% of the instances for evaluating the FIS designed are
presented in Table 15 with 10 cross-validations, where the t-values achieved show the
improvement allowed by the Interval Type-3 FIS in all the datasets except for the Breast
Cancer Coimbra, where the obtained results by the proposed method are better than
General Type-2 FIS but with not enough statistical evidence.

Table 15. Values of t-tests using 10% of the instances for validation of the FIS with 10 cross-validations.

Dataset Method N Mean Std Dev t-Value p Value

Haberman’s Survival
IT3FIS 10 77.73 2.0233

4.6205 4.75 × 10−4
GT2FIS 10 74.67 0.5578

Cryotherapy IT3FIS 10 89.67 1.6605
5.4189 3.56 × 10−5

GT2FIS 10 86.22 1.133

Immunotherapy IT3FIS 10 83.78 1.8295
7.0236 1.02 × 10−6

GT2FIS 10 77.78 1.9876

PIMA Indian Diabetes
IT3FIS 10 77.66 1.7584

2.8421 0.0097GT2FIS 10 76.05 0.338

Indian Liver
IT3FIS 10 72.26 0.9167

2.1748 0.0252GT2FIS 10 71.57 0.4110

Breast Cancer Coimbra
IT3FIS 10 74.91 1.4342

0.5277 0.3027GT2FIS 10 74.45 2.316
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7. Conclusions

This paper proposes the design of Interval Type-3 fuzzy inference systems using a GA
applied to medical classification. The GA seeks to find the main fuzzy inference systems
parameters, such as MF parameters and the fuzzy if-then rules. Type-3 Trapezoidal MFs
are utilized in this work in each input of the FIS; the design of these MFs is based on their
LowerScale and LowerLag. An important contribution of our method is the automatic
establishment of ranges of the fuzzy variables, where the set of instances used for the design
is used to establish them, which allows the proposed method to be applied to different
databases with different numbers of attributes (inputs of the FIS). The results achieved
in this work allowed us to improve results achieved by other methods based on fuzzy
logic. The medical datasets Haberman’s Survival, Cryotherapy, Immunotherapy, PIMA
Indian Diabetes, Indian Liver, and Breast Cancer Coimbra dataset achieved 75.30, 87.13,
82.04, 77.76, 71.86, and 71.06, respectively. Cross-validation tests were also carried out
using 5- and 10-fold, where for Cryotherapy, Immunotherapy, and Breast Cancer Coimbra
databases, the cross-validation improved the accuracy percentage on both phases (design
and testing). Statistical tests were performed, and the Z-test demonstrates the effectiveness
of the proposed method over General Type-2 FIS in almost all the datasets except for
Indian Liver and the Breast Cancer Coimbra. T-tests were applied to validate the behavior
of the proposed method with the cross-validation tests. For five cross-validation, the
proposed method achieved better results; for the 10 cross-validation tests only for the Breast
Cancer Coimbra, there is no statistical difference. In future works, the design of Type-3
FIS proposed in this work will be applied to other areas, such as the integration method
applied to pattern recognition, images for edge detection, or control problems, to prove the
ability of adaptation of the proposed method.
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