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Abstract: The use of artificial intelligence techniques such as fuzzy logic, neural networks and
evolutionary computation is currently very important in medicine to be able to provide an effective
and timely diagnosis. The use of fuzzy logic allows to design fuzzy classifiers, which have fuzzy rules
and membership functions, which are designed based on the experience of an expert. In this particular
case a fuzzy classifier of Mamdani type was built, with 21 rules, with two inputs and one output and
the objective of this classifier is to perform blood pressure level classification based on knowledge of
an expert which is represented in the fuzzy rules. Subsequently different architectures were made in
type-1 and type-2 fuzzy systems for classification, where the parameters of the membership functions
used in the design of each architecture were adjusted, which can be triangular, trapezoidal and
Gaussian, as well as how the fuzzy rules are optimized based on the ranges established by an expert.
The main contribution of this work is the design of the optimized interval type-2 fuzzy system with
triangular membership functions. The final type-2 system has a better classification rate of 99.408%
than the type-1 classifier developed previously in “Design of an optimized fuzzy classifier for the
diagnosis of blood pressure with a new computational method for expert rule optimization” with 98%.
In addition, we also obtained a better classification rate than the other architectures proposed in
this work.

Keywords: type-2 fuzzy logic; neural networks; genetic algorithms; fuzzy logic; blood pressure

1. Introduction

Nowadays the use of artificial intelligence techniques such as fuzzy logic, neural networks and
evolutionary computation help to design models with fast and efficient response that can give a precise
diagnosis and thus help decision-making based on the experience and rules established by experts
in the area in order, it is difficult to determine whether or not we have a high blood pressure level,
which is why it is important to check constantly and every 24 h to monitor blood pressure (BP) samples
during the course of 24 h and this information will help to have a more accurate analysis of the behavior
of BP. That is why this work is based on 24-h monitoring and not on daily, weekly or monthly takes,
since the use of information from a single sample could impact the diagnosis, since a single sample
can result in high blood pressure because for reasons of everyday life at that time the patient had an
action that took him to that state, that is why the effectiveness of using the information of a monitoring,
helps to keep track of a whole day and see the behavior that the patient has during day and night and
this helps determine if the patient is hypertension or not [1-3].

Through the use of 24-h monitoring that throws the pressure device used for this research, we have
a total of 45 samples of systolic pressure and 45 samples of diastolic pressure during the course of
24 h, then this information is analyzed by neural networks, which help to model this information and
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thus obtain a trend which will be the input to the fuzzy classifier, which based on knowledge of an
expert and guides already specified by the dependencies of cardiology will give a quick and correct
diagnosis [4-6].

In this paper we are focused on the design and experimentation of different architectures in order
to find the optimal classifier for the classification of BP levels and it is a continuation of previously works
done by the authors [7-9], since currently there are few works for the diagnosis of the blood pressure
using artificial intelligence techniques. This work takes as a basic guide the European guidelines which
are classified in the following levels: hypotension, normal, high normal, grade 1, 2, 3 and isolated
systolic pressure grade 1, 2, 3, as shown in Table 1 based in the European cardiology society [10-14].

Table 1. Classification of office BP levels.

Category Systolic Diastolic
Hypotension <90 and/or <60
Optimal <120 and <80
Normal 120-129 and/or 80-84
High Normal 130-139 and/or 85-89
Grade 1 Hypertension 140-159 and/or 90-99
Grade 2 Hypertension 160-179 and/or 100-109
Grade 3 Hypertension >180 and/or >110
Isolated systolic hypertension >140 and <90

This type of well implemented systems allows cardiologists to give a better diagnosis based on
a series of data well analyzed and subsequently classified based on the knowledge of an expert, in this
case a medical expert in the area. Nowadays the seriousness of this problem of BP has caused to give
a greater importance to this disease since every day increases the number of hypertensive people in
the world and a large amount of it does not know that it suffers from this disease until it experiences
an event cardiovascular which can lead to death.

The doctors every day rely more on the use of intelligent techniques, which allows them to analyze
and know more accurately the past, present and future behavior of each patient and this helps them
to have a better diagnosis based on all this data obtained during the time, all this in real life helps
to avoid human losses at an early age, that is why the importance of requiring these technologies,
which prevent with great precision problems in the future.

The main contribution of this work is the design of the interval type-2 fuzzy system with
triangular membership functions, which is better than the design of the type-1 fuzzy system developed
previously [15].

The general model to which this fuzzy classifier belongs is composed primarily by a database
of real patients [16-21], which, with the collaboration of a cardiology has been increased to 200 24-h
monitoring, each monitoring contains 45 systolic samples and 45 samples diastolic by patient and each
one is independent at the time of classification, this information is modeled by a modular neuronal
network which results in the tendency based on this information and this tendency is the input to
the fuzzy classifier, to which the parameters and rules were adjusted with genetic algorithms [22-28].
The parameter adjustment method of the membership functions consists of determining the ranges of
each membership function and moving each point within that range and searching for the optimum
value. During this process of parameter adjustment different fuzzy classifiers are created that are
being tested to determine the best and this is taken as a basis for experiments, currently, there are
experiments in type-1 and type-2 fuzzy systems.

This paper is organized as follows: In Section 2 the basic concepts are presented, in Section 3 the
problem statement and proposed method are explained, Section 4 outlines the knowledge representation
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of the optimized type-1 and interval type-2 fuzzy systems, Section 5 describes the results of this work,
Section 6 presents the discussion and Section 7 the conclusions are presented.

2. Basic Concepts

Some definitions are fundamental to understand the functioning of blood pressure and this will
help to better understand the objective of this work

2.1. Blood Pressure

Blood pressure (BP) is the power that the blood applies against the dividers of the conduits. At the
point when the heart thumps, it directs blood to the conduits, this is the point at which its weight is
higher and it is called systolic weight. At the point when your heart is very still between one beat and
another, the circulatory strain reductions and this is called diastolic weight.

Both systolic and diastolic circulatory strain esteems are utilized as a part of characterizing the
pulse. When all is said in done, the systolic weight is specified first and after that the diastolic.
A perusing with estimations of:

e 119/79 or less is considered normal BP
e 140/90 or higher is considered high BP

In the vicinity of 120 and 139 for the most elevated number or in the vicinity of 80 and 89 for
the least number is prehypertension. Prehypertension implies that somebody can grow hypertension
except if some move is made.

Hypertension does not more often than not have side effects but rather can cause difficult issues,
for example, strokes, heart disappointment, localized necrosis and kidney disappointment.

Somebody can control the pulse with a solid way of life like exercise and DASH slim down and,
if vital, solutions.

2.2. Type of Blood Pressures

Hypertension is the most widely recognized illness and increments both the bleakness and
mortality from cardiovascular ailments. Distinctive kinds of hypertension can be characterized when
the sickness is sub-arranged.

These types are described in Table 1 [29].

In Table 1, a Category (BP) is the highest BP level, either systolic or diastolic. The isolated systolic
hypertension is divided as 1, 2 or 3 according to the systolic BP value in the ranges indicated.

2.3. Hypotension

Low BP, otherwise called hypotension, would be thought of as insignificant. Be that as it may,
for some individuals, hypotension can cause indications of wooziness and blacking out. In more
serious cases, low circulatory strain can be dangerous.

Circulatory strain fluctuates from individual to individual, a pulse perusing of 90 mm Hg or less
of systolic pulse (the most elevated number on a pulse perusing) or 60 mm Hg or lower diastolic pulse
(The lower number) is generally considered as low circulatory strain.

Reasons for hypotension can run from lack of hydration to genuine restorative or careful issue.
Low pulse can be dealt with, yet it is essential to realize what is causing the malady so it can be dealt
with legitimately.

2.4. Hypertension

Hypertension is a perpetual condition that includes expanding pulse. One of the qualities of this
sickness is that there is no unmistakable introduction of the side effects and that these do not show for
quite a while.



Axioms 2019, 8, 8 4 of 35

Nowadays, cardiovascular infections are the main source of mortality in Spain.
Nonetheless, hypertension is a treatable condition. Inability to take after the specialist’s proposals
can prompt genuine confusions, for example, a myocardial localized necrosis, draining or cerebral
thrombosis, which can be maintained a strategic distance from if legitimately controlled.

The primary outcome of hypertension is endured by the veins that help hypertension consistently
and this solidifies, end up thicker and can ruin the section of blood through them. This is known
as arteriosclerosis.

2.5. Risk Factors

The risk factors for hypertension are: Sex, genetic elements, liquor consumption, smoking,
salt consumption, obesity, age, stress level, lack of activity.

3. Problem Statement and Proposed Method

Accordingly, to this investigation, 30 patients were checked for 24 h monitoring and 45 tests were
acquired for the duration of the day, all that is for each patient, every patient has distinctive kinds of
exercises in their day by day life and this causes us to have diverse cases for every individual and this
gives a superior unwavering quality when we utilize the classifier for the finding that relying upon the
level of circulatory strain that every patient has [30].

A particular modular neural network is utilized to give information to the classifier, this information
is the systolic and diastolic weights and is given by every patient in the 24 h monitoring and this data
are the inputs for the module of the modular neural network. In this phase, the neural network learns
and models the data to finally give a result, which will be the inputs to the fuzzy system to classify in
the most ideal way and provide a correct analysis and help the cardiologist to the precise control and
diagnosis of each patient [31-35].

In the following general model in Figure 1, we have a database, which consists of 200 patients for
the fuzzy classifier, it should be noted that first of all, we have a monitoring data that consisting of
45 samples systolic and 45 diastolic samples which enter the modular neural network and these data
are modeled and analyzed to finally give a tendency. Then this information is analyzed and classified
by the fuzzy system, which is optimized in the membership functions and rules by a genetic algorithm
(GA) [36-40].

Modular Neural
Network

Genetic

Algorithm

L v

Figure 1. General Neuro fuzzy hybrid model.
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Figure 2 shows the specific general model, we have a database, which consists of 200 patients,
the modular neuronal network models and learns the information processed to finally give a tendency
to base on that information given. Then this information is analyzed and classified by the FS, which is
optimized by GA.

Modular Neural Network for
Model the trend of BP

Optimized Fuzzy Classifier

N
XX/

Hypertension

(marmdani)

Module 2
(diastolic)

Figure 2. Specific neuro fuzzy hybrid model.

3.1. Design of the Type-1 Fuzzy Systems for Classification with Triangular Membership Functions

The design of this type-1 fuzzy system was made based on previous work where the membership
functions and the fuzzy rules are optimized to find the best possible classification architecture,
after different experiments were performed it was obtained that the architecture with triangular
membership functions produced better results when using type-1 fuzzy systems. The design is similar
to works done in other application areas, like in Reference [41].

3.2. Design of the Type-1 FS for Classification with Trapezoidal Membership Functions

3.2.1. Design of the Second FS for the Classification of BP Levels with Trapezoidal Memberships Functions

The structure of the fuzzy system is shown in Figure 3. The numbers marked in the Figure 4
list each of the MFs for the input systolic and these are: 1—Low, 2—Low_Normal, 3—Normal,
4—High_Normal, 5—High, 6—Very_High, 7—Too_High.

Systolic (7) Bloodpressure
(Mamdani)
21 rules
Diastolic (7)

System Bloodpressure: 2 inputs, 1 outputs, 21 rules

Figure 3. Structure of the type-1 FS for classification with trapezoidal membership functions.
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Figure 4. Systolic input for the type-1 FS for classification with trapezoidal membership functions.

The numbers marked in the Figure 5 list each of the membership functions for the input diastolic
and these are: 1—Low, 2—Low_Normal, 3—Normal, 4—High_Normal, 5—High, 6—Very_High,
7—Too_High.
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Figure 5. Diastolic input for the type-1 FS for classification with trapezoidal membership functions.
The numbers marked in the Figure 6 list each of the membership functions for the output BP_Levels

and these are: 1—Hypotension, 2—Optimal, 3—Normal, 4—High Normal, 5—ISHGRADE_1,
6—Grade_1, 7—ISHGRADE_2, 8—Grade_2, 9—ISHGRADE_3, 10—Grade_3.
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Figure 6. BP_Levels output for the type-1 FS for classification with trapezoidal membership functions.
3.2.2. Genetic Type-1 Fuzzy System with Trapezoidal Membership Functions

The fuzzy system(FS) was optimized with GA, in the GA it is necessary a chromosome to optimize
the (MFs), as shown in Figure 7 and the chromosome has 96 genes and this help to optimize the
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MFs, Genes 1-28 (real numbers) allow to manage the parameters of the systolic input, Genes 29-56
(real numbers) allow to manage the parameters of the diastolic input and Genes 57-96 (real numbers)
allow to manage the parameters of the BP_Levels output. The following Figure 7 shows the structure
of the chromosome:

Low Low_Normal Normal High_Normal High Very_High Too_High
1 2 3 4 5 6 7 8 95101112 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28
Low Low_Normal Normal High_Normal High Very_High Too_High
29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50 51 52 53 54 55 56

Hypotension  Optimal Normal High_MNormal ISHGRADE_1 Grade_1 ISHGRADE_2 Grade 2 ISHGRADE_3 Grade_3

57 58 59 60 61 62 63 64 65 66 67 68 69 70 71 72 73 74 75 76 77 78 79 80 81 82 83 84 85 86 87 88 B9 90 91 92 93 94 95 96

Figure 7. Structure of the chromosome for the type-1 FS for classification with trapezoidal MFs.
3.2.3. Design of the Optimized Type-1 FS for Classification with Trapezoidal Membership Functions

The structure of the optimized type-1 fuzzy system is shown in Figure 8. The numbers marked
in the Figure 9 list each of the membership functions for the input systolic and these are: 1—Low,
2—Low_Normal, 3—Normal, 4—High_Normal, 5—High, 6—Very_High, 7—Too_High.

Systolic (7) Bloodpressure
(Mamdani)
21 rules
BP evels (10)
Diastolic (7)

System Bloodpressure: 2 inputs, 1 outputs, 21 rules

Figure 8. Structure of the optimized type-1 FS for classification with trapezoidal membership functions.

T T T T T
] 1 2 '3'a 5 6 7

Degree of membership

1 1 1 1 1
50 100 150 200 250 300
Systolic

Figure 9. Systolic input for the optimized type-1 FS for classification with trapezoidal
membership functions.

The numbers marked in the Figure 10 list each of the membership functions for the input diastolic
and these are: 1—Low, 2—Low_Normal, 3—Normal, 4—High_Normal, 5—High, 6—Very_High,
7—Too_High.
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Figure 10. Diastolic input for the optimized type-1 FS for classification with trapezoidal
membership functions.

The numbers marked in the Figure 11 list each of the membership functions for the
output BP_Levels and these are: 1—Hypotension, 2—Optimal, 3—Normal, 4—High_Normal,
5—ISHGRADE_1, 6—Grade_1, 7—ISHGRADE_2, 8—Grade_2, 9—ISHGRADE_3, 10—Grade_3.

(=]
oo

0.6

Degree of membership

0 10 20 30 40 50 60 70 80 90 100
EIPLevels

Figure 11. BP_Levels output for the optimized type-1 FS for classification with trapezoidal
membership functions.

3.3. Design of the Type-1 S for Classification with Gaussian Membership Functions

3.3.1. Design of the third FS for the Classification of BP Levels with Gaussian Membership Functions

The structure of the fuzzy system is shown in Figure 12. The numbers marked in the Figure 13
list each of the membership functions for the input systolic and these are: 1—Low, 2—Low_Normal,
3—Normal, 4—High_Normal, 5—High, 6—Very_High, 7—Too_High.

i

Systalic (7) Bloodpressure

(Mamdani)

21 rules
I

BP evels (10)
\

System Bloodpressure: 2 inputs, 1 outputs, 21 rules

Diastolic (7)

Figure 12. Structure of the type-1 fuzzy system for classification with Gaussian membership functions.
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Figure 13. Systolic input for the type-1 FS for classification with Gaussian membership functions.

The numbers marked in the Figure 14 list each of the membership functions for the input diastolic
and these are: 1—Low, 2—Low_Normal, 3—Normal, 4—High_Normal, 5—High, 6—Very_High,
7—Too_High.

o o o
- (52 o

Degree of membership

o
N

| 1 1 1 | | ] 1 1 ]
20 30 40 50 60 70 80 90 100 110 120 130
Diastolic

Figure 14. Diastolic input for the type-1 fuzzy system for classification with Gaussian
membership functions.

The numbers marked in the Figure 15 list each of the membership functions for the
output BP_Levels and these are: 1—Hypotension, 2—Optimal, 3—Normal, 4—High Normal,
5—ISHGRADE_1, 6—Grade_1, 7—ISHGRADE_2, 8—Grade_2, 9—ISHGRADE_3, 10—Grade_3.

e o o
s o o -

Degree of membership

o
N

o

0 10 20 30 40 50 60 70 80 90 100
BP evels

Figure 15. BP_Levels output for the type-1 fuzzy system for classification with Gaussian
membership functions.
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3.3.2. Genetic Type-1 Fuzzy System with Gaussian Membership Functions

The fuzzy system was optimized with GA, in the GA it is necessary a chromosome to optimize
the membership functions (MFS), as shown in Figure 16 and the chromosome has 42 genes and this
information help to optimize the membership functions, Genes 1-14 (real numbers) allow to manage
the parameters of the systolic input, Genes 15-28 (real numbers) allow to manage the parameters of
the diastolic input and Genes 2942 (real numbers) allow to manage the parameters of the BP_Levels
output. The following Figure 16 shows the structure of the chromosome:

Low_Normal Normal High_Normal If Very_High Too_High
11 12 13

Normal High_Normal
19 20 21 22

Normal High_Normal ISHGRADE_1 Grade_1 ISHGRADE_2 Grade_2 ISHGRADE_3 Grade_3
35 g 37 38 39 40 a1 a2 37 38 39 40 M 42

Figure 16. Structure of the chromosome for the type-1 FS for classification with Gaussians
membership functions.

3.3.3. Design of the Optimized Type-1 FS for Classification with Gaussians Membership Functions

The structure of the fuzzy system with two inputs and one output is shown in Figure 17.
The numbers marked in the Figure 18 list each of the membership functions for the input systolic
and these are: 1—Low, 2—Low_Normal, 3—Normal, 4—High_Normal, 5—High, 6—Very_High,
7—Too_High.

Systolic (7) Bloodpressure

(Mamdani)

21 rules

BPLevels (10)

Diastolic (7)

System Bloodpressure: 2 inputs, 1 outputs, 21 rules

Figure 17. Structure of the optimized type-1 FS for classification with Gaussians membership functions.

o o o
= o @
T T T

Degree of membership

o
N
T

o

50 100 150 200 250 300
Systolic

Figure 18.  Systolic input for the optimized type-1 FS for classification with Gaussians
membership functions.
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The numbers marked in the Figure 19 list each of the membership functions for the input diastolic

and these are: 1—Low, 2—Low_Normal, 3—Normal, 4—High Normal, 5—High, 6—Very_High,
7—Too_High.

o o =)
IS o =)
T T I

Degree of membership

o
L]
T

o

1 1
20 30 40 50 60 70 80 90 100 110 120 130
Diastolic

Figure 19. Diastolic input for the optimized type-1 FS for classification with Gaussian
membership functions.

The numbers marked in the Figure 20 list each of the membership functions for the
output BP_Levels and these are: 1—Hypotension, 2—Optimal, 3—Normal, 4—High Normal,
5—ISHGRADE_1, 6—Grade_1, 7—ISHGRADE_2, 8—Grade_2, 9—ISHGRADE_3, 10—Grade_3.

Degree of membership

|
0 10 20 30 40 50 60 T0 a0 90 100
EIF’LeveIs

Figure 20. BP_Levels output for the optimized type-1 FS for classification with Gaussians
membership functions.

3.4. Design of the Interval Type-2 FS for Classification with Triangular Membership Functions

3.4.1. Design of the First Interval Type-2 FS for the Classification of BP Levels with Triangular
Membership Functions

The structure of the fuzzy system is illustrated in Figure 21. The numbers marked in the Figure 22
list each of the membership functions for the input systolic and these are: 1—Low, 2—Low_Normal,
3—Normal, 4—High_Normal, 5—High, 6—Very_High, 7—Too_High.
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Systolic (7) BloodpressureType2
(Mamdani)
r\ 21 rules
A BP evels (10)
Diastolic (7)

System BloodpressureType2: 2 inputs, 1 outputs, 21 rules
Figure 21. Structure of the interval type-2 FS for classification with triangular membership functions.

1 3 7

1 2 3 4 5
T T T T
08
06 =
04
02+ =
0 | |
50 100 1

0 50 200 250 300

Figure 22.  Systolic input for the interval type-2 FS for classification with triangular
membership functions.

The numbers marked in the Figure 23 list each of the MFs for the input diastolic and these are:
1—Low, 2—Low_Normal, 3—Normal, 4—High_Normal, 5—High, 6—Very_High, 7—Too_High.

1 2 3 4 5 6 7
1 T T T
0.8 =
06 -
04 -
0.2+ =
0 | |
20 40 60 80 100 120 140

Figure 23.  Diastolic input for the interval type-2 FS for classification with triangular

membership functions.
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The numbers marked in the Figure 24 list each of the membership functions for the
output BP_Levels and these are: 1—Hypotension, 2—Optimal, 3—Normal, 4—High Normal,
5—ISHGRADE_1, 6—Grade_1, 7—ISHGRADE_2, 8—Grade_2, 9—ISHGRADE_3, 10—Grade_3.

. 1 | | 2 3 4 | 56 | 7 8 | 910
08 =
06 _
04 =
0.2 —
0 1 L 1 L
0 10 20 30 40 50 60 70 80 90 100

Figure 24. BP_Levels output for the interval type-2 FS for classification with triangular
membership functions.

3.4.2. Optimization of the Triangular Interval Type-2 Fuzzy Inference System with Genetic Algorithm

The interval type-2 fuzzy system was optimized with GA, where we have a chromosome to
optimize the membership functions (MFS), as shown in Figure 25 and the chromosome has 144 genes,
which help to optimize the membership functions, Genes 1-42 (real numbers) allow to manage the
parameters of the systolic input, Genes 43-84 (real numbers) allow to manage the parameters of the
diastolic input and Genes 85-144 (real numbers) allow to manage the parameters of the BP_Levels
output. The following Figure 25 shows the structure of the chromosome:

Low Low_Normal Normal High_Normal High Very High Too_High

1 2 3 4 5 6 7 8 9 10 11 12 3 M 15 1 17 138 19 0 21 2 B 0 15 ¥ 21 B B W 31 372 33 34 35 36 7 3B I &N 4 &

Low Low_Normal Mormal High_Normal High Very_High Too_High
43 M 45 4% 47 48 49 50 51 52 53 54 55 56 57 53 59 60 6l 62 63 G 65 66 67 68 69 0 71 T 71 T 75 e 77 7@ 79 30 81 81 8 M

Hypotension Optimal Normal ] ISHGRADE_L Grade_1 ISHGRADE 2 Grade 2 ISHGRADE 3 Grade 3
85 85 87 98 39 90 91 9 93 94 95 9 97 93 99100101 102 103 104105 106 107 108109 110 141 112 113 114 115 116 117 118 119 120 121 122 103 124 125 126 127 128 129 130 131 132 133 134 135 136 137 138139 140 141 142 143 142}

Figure 25. Structure of the chromosome for the interval type-2 fuzzy system for classification with
triangular membership functions.

3.4.3. Design of the Optimized Interval Type-2 FS for Classification with Triangular Membership
Functions

The structure of the optimized interval type-2 fuzzy system is illustrated in Figure 26. The numbers
marked in the Figure 27 list each of the membership functions for the input systolic and these are:
1—Low, 2—Low_Normal, 3—Normal, 4—High_Normal, 5—High, 6—Very_High, 7—Too_High.

The numbers marked in the Figure 28 list each of the membership functions for the input diastolic

and these are: 1—Low, 2—Low_Normal, 3—Normal, 4—High_Normal, 5—High, 6—Very_High,
7—Too_High.
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Systalic (7) BloodpressureType2
(Mamdani)
21 rules
BF‘LeveIs (10)
Diastolic (7)

System BloodpressureType2: 2 inputs, 1 outputs, 21 rules

Figure 26. Structure of the optimized interval type-2 fuzzy system for classification with triangular

membership functions.
6 7
T T T
W\
150

1

1
|
0 50 100

| 2 3 4 5
08
0.6
04
02+
0 l
200 250 300

Figure 27. Systolic input for the optimized interval type-2 fuzzy system for classification with triangular
membership functions.

! T 2 34 3 T ¢ z T
08
06
04
02
0 | |
40 60 80 100

20 120 140

Figure 28. Diastolic input for the optimized interval type-2 fuzzy system for classification with
triangular membership functions.

The numbers marked in the Figure 29 list each of the membership functions for the
output BP_Levels and these are: 1—Hypotension, 2—Optimal, 3—Normal, 4—High Normal,
5—ISHGRADE_1, 6—Grade_1, 7—ISHGRADE_2, 8—Grade_2, 9—ISHGRADE_3, 10—Grade_3.
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08}
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Figure 29. BP_Levels output for the interval type-2 fuzzy system for classification with triangular
membership functions.

3.5. Design of the Interval Type-2 FS for Classification with Trapezoidal Membership Functions

3.5.1. Design of the First Interval Type-2 FS for the Classification of BP Levels with Trapezoidal
Memberships Functions

The structure of the interval type-2 fuzzy system is show in Figure 30. The numbers marked
in the Figure 31 list each of the membership functions for the input systolic and these are: 1—Low,
2—Low_Normal, 3—Normal, 4—High_Normal, 5—High, 6—Very_High, 7—Too_High.

Systolic (7) BloodpressureType2
(Mamdani)
21 rules
BPLevels (10)
Diastolic (7)

System BloodpressureType2: 2 inputs, 1 outputs, 21 rules

Figure 30. Structure of the interval type-2 FS for classification with trapezoidal MFs.
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06
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I 1 I I 1
0 50 100 150 200 250 300
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Figure 31. Systolic input for the interval type-2 FS for classification with trapezoidal membership
functions (MFs).

The numbers marked in the Figure 32 list each of the membership functions for the input diastolic
and these are: 1—Low, 2—Low_Normal, 3—Normal, 4—High_Normal, 5—High, 6—Very_High,
7—Too_High.

1 3 4 5 6 7l

0.8 ﬂ -

0.6 -

04 4

Degree of membership

0.2

0

] | ] | 1 ] ] ] ] ]
20 30 40 50 60 70 80 90 100 110 120 130
Diastolic

Figure 32. Diastolic input for the interval type-2 FS for classification with trapezoidal MFs.

The numbers marked in the Figure 33 list each of the membership functions for the
output BP_Levels and these are: 1—Hypotension, 2—Optimal, 3—Normal, 4—High Normal,
5—ISHGRADE_1, 6—Grade_1, 7—ISHGRADE_2, 8—Grade_2, 9—ISHGRADE_3, 10—Grade_3.

1 1 2 i a4 's56 78
2 08
£
o
£ 06 |
o
E
B 04
o 02

0 i

| | | | | | | | |
0 10 20 30 40 50 60 70 80 90 100

BPLeveIs

Figure 33. BP_Levels output for the interval type-2 fuzzy system for classification with trapezoidal
membership functions.
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3.5.2. Optimization of the Trapezoidal Type-2 Fuzzy Inference System with Genetic Algorithm

The interval type-2 fuzzy system was optimized with GA, in the GA it is necessary a chromosome
to optimize the membership functions (MFS), as shown in Figure 34 and the chromosome has 246 genes
and this data help to optimize the membership functions, Genes 1-63 (real numbers) allow to manage
the parameters of the systolic input, Genes 64-126 (real numbers) allow to manage the parameters of
the diastolic input and Genes 127-216 (real numbers) allow to manage the parameters of the BP_Levels
output. The following Figure 34 shows the structure of the chromosome:

Low Normal igh_ ]

127 128 129 130 131 132 133 134 135 136 137 133 139 140 141 142 143 184 145 146 147 148 149 150 151 152 153 154 155 156 157 158 159 160 151 162 163 164 165 166 167 168 169 170 171
Grde_L ISHERADE_2 Grade 2 ISHGRADE_3 Grode_3

172 173 174 175 176 177 178 179 180 1B1 182 183 184 185 186 187 188 18O 190 191 152 193 154 195 196 197 198 159 200 201 202 203 204 205 206 207 208 200 210 211 212 213 214 215 216

Figure 34. Structure of the chromosome for the interval type-2 FS for classification with trapezoidal MFs.
3.5.3. Design of the Optimized Interval Type-2 FS for Classification with Trapezoidal MFs

The structure of the optimized interval type-2 fuzzy system is shown in Figure 35. The numbers
marked in the Figure 36 list each of the membership functions for the input systolic and these are:
1—Low, 2—Low_Normal, 3—Normal, 4—High_Normal, 5—High, 6—Very_High, 7—Too_High.

Systolic (7) BloodpressureType2
(Mamdani)
21 rules
EIPLevels (10)
Diastolic (7)

System BloodpressureType2: 2 inputs, 1 outputs, 21 rules

Figure 35. Structure of the optimized interval type-2 FS for classification with trapezoidal MFs.
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Figure 36. Systolic input for the optimized interval type-2 fuzzy system for classification with
trapezoidal membership functions.

The numbers marked in the Figure 37 list each of the membership functions for the input diastolic
and these are: 1—Low, 2—Low_Normal, 3—Normal, 4—High_Normal, 5—High, 6—Very_High,

7—Too_High.

1 T T T 2 T 13' a I 5 T 6 T ? |
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20 30 40 50 60 70 80 90 100 110 120 130
Diastolic

Figure 37. Diastolic input for the optimized interval type-2 fuzzy system for classification with

trapezoidal membership functions.

The numbers marked in the Figure 38 list each of the membership functions for the
output BP_Levels and these are: 1—Hypotension, 2—Optimal, 3—Normal, 4—High Normal,
5—ISHGRADE_1, 6—Grade_1, 7—ISHGRADE_2, 8—Grade_2, 9—ISHGRADE_3, 10—Grade_3.

Degree of membership

0.

0.

0.

0.

: sl 4 56 7 8 19 10 |
8 —
6 - a
4 |
2
0
| | | | | | | |
0 10 20 30 40 50 60 70 80 90

EIF'LeueIS

100

Figure 38. BP_Levels output for the optimized interval type-2 fuzzy system for classification with

trapezoidal membership functions.
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3.6. Design of the Interval Type-2 FS for Classification with Gaussians Membership Functions

3.6.1. Design of the First Interval Type-2 Fuzzy System for the Classification of BP Levels with
Gaussians Memberships Functions

The structure of the interval type-2 fuzzy system with Gaussian MFs is illustrated in Figure 39.
The numbers marked in the Figure 40 list each of the membership functions for the input systolic
and these are: 1—Low, 2—Low_Normal, 3—Normal, 4—High Normal, 5—High, 6—Very_High,
7—Too_High.

Systolic (7) BloodpressureType2G
(Mamdani)
21 rules )
BF’Le\.reIs (10)
Diastolic (7)

System BloodpressureType2G: 2 inputs, 1 outputs, 21 rules

Figure 39. Structure of the interval type-2 FS for classification with Gaussian membership functions
(MFs).

Degree of membership

|

0 50 100 150 200 250 300
Systolic

Figure 40. Systolic input for the interval type-2 fuzzy system for classification with Gaussian

membership functions.

The numbers marked in the Figure 41 list each of the membership functions for the input diastolic
and these are: 1—Low, 2—Low_Normal, 3—Normal, 4—High_Normal, 5—High, 6—Very_High,
7—Too_High.
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Figure 41. Diastolic input for the interval type-2 fuzzy system for classification with Gaussian

membership functions.

The numbers marked in the Figure 42 list each of the membership functions for the
output BP_Levels and these are: 1—Hypotension, 2—Optimal, 3—Normal, 4—High_ Normal,
5—ISHGRADE_1, 6—Grade_1, 7—ISHGRADE_2, 8—Grade_2, 9—ISHGRADE_3, 10—Grade_3.

T T T T
L 1 2 3" s 7.8 " 10
2 08 .
2]
2
£ 06 .
=
“6 U_‘i_ —
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o
a 02t _
0
| | | | | | | | |
0 10 20 30 40 50 60 70 380 a0 100
EIPLeueIs

Figure 42. BP_Levels output for the interval type-2 fuzzy system for classification with Gaussians

membership functions.
3.6.2. Optimization of the Gaussian Type-2 Fuzzy Inference System with Genetic Algorithm

The interval type-2 fuzzy system was optimized with GA, in the GA it is necessary a chromosome
to optimize the membership functions (MFS), as shown in Figure 43 and the chromosome has 72 genes
and this genes help to optimize the membership functions, Genes 1-21 (real numbers) allow to manage
the parameters of the systolic input, Genes 22—42 (real numbers) allow to manage the parameters of
the diastolic input and Genes 43-72 (real numbers) allow to manage the parameters of the BP_Levels
output. The following Figure 43 shows the structure of the chromosome:

Low_Normal Normal High_Normal i Very_High Too_High

9 10 11 ; 17 18 19 20 21

Too_High
33 40 41 42

High_Normal
31 32

Mormal
29

High_Mormal
52 53 54

ISHGRADE 1
55 5 57 5B

Hypotension
43 44 a5

50

51

48 49

46 47

Figure 43. Structure of the chromosome for the interval type-2 FS for classification with Gaussian

membership functions.
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3.6.3. Design of the Optimized Interval Type 2 FS for Classification with Gaussians Membership
Functions

The structure of the optimized interval type-2 fuzzy system with Gaussian MFs is illustrated
in Figure 44. The numbers marked in the Figure 45 list each of the membership functions for the
input systolic and these are: 1—Low, 2—Low_Normal, 3—Normal, 4—High Normal, 5—High,
6—Very_High, 7—Too_High.

Systoalic (7) BloodpressureType2
(Mamdani)
21 rules
BP evels (10)
Diastolic (7)

System BloodpressureType2: 2 inputs, 1 outputs, 21 rules

Figure 44. Structure of the optimized interval type-2 FS for classification with Gaussian MFs.

I1 [

0.8

0.6

04

Degree of membership

0.2

0 50 100 150 200 250 300
Systolic

Figure 45. Systolic input for the optimized interval type-2 FS for classification with Gaussian

membership functions.

The numbers marked in the Figure 46 list each of the MFs for the input diastolic and these are:
1—Low, 2—Low_Normal, 3—Normal, 4—High_Normal, 5—High, 6—Very_High, 7—Too_High.
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Figure 46. Diastolic input for the optimized interval type-2 fuzzy system for classification with Gaussian
membership functions.

The numbers marked in the Figure 47 list each of the membership functions for the
output BP_Levels and these are: 1—Hypotension, 2—Optimal, 3—Normal, 4—High Normal,
5—ISHGRADE_1, 6—Grade_1, 7—ISHGRADE_2, 8—Grade_2, 9—ISHGRADE_3, 10—Grade_3.
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Figure 47. BP_Levels output for the optimized interval type-2 FS for classification with Gaussian
membership functions.

3.6.4. Fuzzy Rules for the Type-1 and Interval Type-2 FS with the Different Architectures.

In previous work we have worked with the optimization of fuzzy rules, for which we already have
the optimal number of fuzzy rules based on the optimization made previously, that is why the fuzzy
rules are listed below, it should be noted that the same fuzzy rules were used for each architecture of
the different type 1 and type 2 fuzzy systems.

If (Systolic is Low) and (Diastolic is Low) then (BP_Levels is Hypotension)

If (Systolic is Low_Normal) and (Diastolic is Low_Normal) then (BP_Levels is Optimal)
If (Systolic is Normal) and (Diastolic is Normal) then (BP_Levels is Normal)

If (Systolic is High_Normal) and (Diastolic is High_Normal) then (BP_Levels is High_Normal)
If (Systolic is High) and (Diastolic is High) then (BP_Levels is Grade_1)

If (Systolic is Very_high) and (Diastolic is Very_High) then (BP_Levels is Grade_2)

If (Systolic is too_high) and (Diastolic is Too_High) then (BP_Levels is Grade_3)

If (Systolic is Very_high) and (Diastolic is High) then (BP_Levels is Grade_2)

If (Systolic is too_high) and (Diastolic is Very_High) then (BP_Levels is Grade_3)

If (Systolic is too_high) and (Diastolic is High) then (BP_Levels is Grade_3)

If (Systolic is High) and (Diastolic is Very_High) then (BP_Levels is Grade_2)

If (Systolic is High) and (Diastolic is Too_High) then (BP_Levels is Grade_3)

o 0 NG

[EE G —
N o= o
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13.  If (Systolic is Very_high) and (Diastolic is Too_High) then (BP_Levels is Grade_3)

14. If (Systolic is High) and (Diastolic is Normal) then (BP_Levels is ISHGRADE_1)

15.  If (Systolic is High) and (Diastolic is High_Normal) then (BP_Levels is ISHGRADE_1)

16. If (Systolic is Very_high) and (Diastolic is Normal) then (BP_Levels is ISHGRADE_2)

17.  If (Systolic is Very_high) and (Diastolic is High_Normal) then (BP_Levels is ISHGRADE_2)
18.  If (Systolic is too_high) and (Diastolic is Normal) then (BP_Levels is ISHGRADE_3)

19. If (Systolic is too_high) and (Diastolic is High_Normal) then (BP_Levels is ISHGRADE_3)
20. If (Systolic is Normal) or (Diastolic is Normal) then (BP_Levels is Normal)

21. If (Systolic is High_Normal) or (Diastolic is High_Normal) then (BP_Levels is High_Normal)

4. Knowledge Representation of the Optimized Type-1 and Interval Type-2 Fuzzy Systems

In this part, we show the knowledge representation of the type-1 FS with triangular
membership functions.
The crisp output is calculated as follows: If the number of fired rules is r then the final BP level is:

Y BPiL;
=== 1)
i—1 Li

BP

where L; is the firing level and BP; is the crisp output of the if-th rule.
The triangular curve is a function of a vector, x and depends on three scalar parameters 4, b and c,
as given by

0 <a
= g <x<b
‘a b — b—a’ -0 = 2
flxa b, c) 5, b<x<c @
0, c<x

4.1. Input and Output Variables for Triangular Type-1 Fuzzy System

To design a FS, we must determine the input and output linguistic variables, in this FS, we have
two inputs and one output.

4.1.1. Input Variables

1. Systolic. This variable has the following membership functions (MFS): Low, Low_normal,
Normal, High_normal, High, Very_high, Too_high. This MFS are listed below:

0, x <202
x =202
20.2 < x £70.35
Low™® — | 5015 / -
uLow Al x 7035 <x <9421
0, 9421 < x
0, x <£90.15
x =90.15
() _ | “Eoe, 90.15<x<115.21
uLow_Normal 1225 =x 115<x <1223
0, 1223 <x
0, x <110.25
x ~110.25
x 1102 11025 < x < 120.11
1) — 986 -
uNorma 122:59—;2 120.11 < x < 129.1

0, 129 <x
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0, x <1211
. @ | 2, 121 <x<13021
uHigh Normal 1302 2x 130,21 < x <1392
0, 1392 < x

0, x <131
131 < x <140.3
Hioh®) — 93 <x<
e 20.87 7 140.3 < x <170.17
0, 17017 < x

0, x <150.23

x —150.23
129023 150.23 < x < 160
Very_high™) = | 97 _." =t=
veryg BRla—x, 160 < x <192.12

0, 19212 < x

0, x <170.35

x -17035
170.35 < x < 220.1
Too hieh® — 4978 T
uToo_hig 303.&?6_—96, 220.1 < x < 300.26

0, 300.26 < x

2. Diastolic. This variable has the following membership functions (MFS): Low, Low_normal,
Normal, High_normal, High, Very_high, Too_high. This MFS are listed below:

0, x <20.16
x=20.16
() _ | Soas, 2016 <x <402
uLow 64%9—)(/ 402 <x < 64.1
0, 64.1 <x
0, x £60.2
x =602
@) _| 9o, 0602<x<70.13
uLow_Normal 8022-x 7013 < x < 80.22
0, 80.22 < x
0, x £76.07
x =76.07
W _ | STl 7607 <x<80.1
uNormal 82 -x 01 <x<842
0, 842 <x
0, x <812
x—812
‘ @ _ 35—, 812<x<85
uHigh_Normal 8942.2—36’ 85 < x < 89.2
0, 89.2 < x
0, x < 88.14
X —88.14
) | e, 88.14<x <901
uHigh 9Ll-x 901 <x<99.1
0, 9.1 <x
0, x <96.32
x-96.32
‘ , 9632 <x<100.22
uVery_high®™ =| 1,39 .

15.00 / 100.22 < x < 115.31
0, 11531 < x
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0, x <107.15
x =107.15
| FHEE, 10715 <x <110
uToo_high B0l 110 < x <1301
0, 130.1 < x

4.1.2. Output Variable

The FS has only one output called BP_LEVELS, which refers to the BP level, the output gives
a percentage, which refers to the following BP levels: Hypotension, Optimal, Normal, High_Normal,
Grade 1, Grade 2, Grade 3, Isolated systolic hypertension (ISH) Grade 1, ISH Grade 2 and ISH Grade 3.

The linguistic value of MFs is shown below:

0, x<0
x =0
‘ , 0<x<103
tupotenSlOTl(x) = 21(();(5?‘2—& 10.3 <x <205
0, 205 <x
0, x <205
x =205
) _ | S92, 205<x<40
uOptimal 501.8.3—x, 40 < x <50.3
0, 503 <x
0, x <493
x —49.3
@ _ 55>, 493 <x<525
uNormal 54.27.2—x, 525 <x<547
0, 547 <x
0, x <54.25
x =54.25
‘ @ _ 35—, 5425 <x<575
uHigh_Normal 6lb=x  575<x<616
0, 61.6 <x
0, x <59.1
x =59.1
59.1 <x <65.5
Grade 100 = | & <r<
uGrade 71.%—3(, 65.5<x <715
0, 715 <x
0, x <694
x —69.4
W _ | 5% 694<x<75
uGrade 2 83;4—36, 75 <x <834
0, 834 <x
0, x<77.1
x =771
771 <x <852
(x) — 81 -
uGrade 3 1%91;(/ 85.2 < x < 100
0, 100 < x
0, x <55.5
x —=55.5
@ _ | 52, 555<x<63
ulSH _Grade 1 69'64.4_}(’ 63 <x<694
0, 69.4 <x
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0, X <693
1823, 693 <x<7525
Box 7525<x<835

uISH_Grade 2% =

0, 835 <«x
0, x <772
x =77.2
772 < x < 85.3
ISH_Grade 3% = | (81" <x<
ulSH_Grade 10(1)2325—x, 85.3 < x <100.15
0, 100.15 < x

4.2. Knowledge Representation of Triangular, Trapezoidal and Gaussian Type-2 Membership Function for
Interval Type-2 Fuzzy Systems

To make a fuzzy system, you must first determine the input and output linguistic variables, in this
case, we have two inputs and one output.

4.2.1. Triangle Interval Type-2 Membership Functions with Uncertainty a € [a1,a;], b € [by, bp] and
¢ € [c1, c2]

The Equation (3) represents the triangle Interval Type-2 Membership Functions with Uncertainty.

H(x) = E(x),ﬁ(x)] = itritype2(x, [a1, b1, c1,a2, b2, ¢2]), whereay <ap, by < by, c1 <2

1 (x) = max(min( TThoazx ) o)

bi—ai’c1-b

u2(x) = max(min( e ), 0) 3)

by—ay" ¢y — by

T() = max(p1(x), pa(x)) ¥ x ¢ (b1,b2)
S P V x e (bl,b2)

p(x) = min(p (x), p2(x))
4.2.1.1. Input variables for triangular type-2 fuzzy system

1. Systolic. This variable has the following membership functions (MFS): Low, Low_Normal,
Normal, High_Normal, High, Very High and Too_High. This MFS are listed below:

kow 0 82.48
p(x) = max(min(x;, .——x)’ 0)
455" 36.98
12 (x) = max(min(x - 12.8’ 94.5 - x)/ 0)
42.8 38.9

Low_Normal

w(x) = max(min(x -85.21 110.3 - x), 0)

19.09 6
s (x) _ max(min(x - 96.04’ 122.3 — x)/ 0)

15.26 11

Normal 110.1 123
p(x) = max(min(x - —_ x)’ 0)

8.2 4.7
ia(o) max(mm(x ~1181 1292 x)/ 0)

4.2 6.9

High_Normal

x—=121.1 132.7 -x
39 77 )'0)
x—125 139.2—x) O)
53 7 89 [/

p(x) = max(min(

pa(x) = max(min(
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High
i (x) = max(min(x - 131/ 151.6 - x), 0)
9.2 11.4
(x) = max(min(x - 142.6/ 170.1 - x), O)
3.6 23.9
Very_High
i (x) = max(min(x - 150, 178 — x), O)
18 10
(x) = max(min(x - 165, 192 — x)l 0)
11 16
Too_High

—-170.5 287.8 —
p(x) = max(min(x 0 5, 878 x), )
62 55.3

. (x—165 192 —x
) = max{min *5 =, =225 ) 0
2. Diastolic. This variable has the following membership functions (MFS): Low, Low_Normal,
Normal, High_Normal, High, Very High and Too_High. This MFS are listed below:

Low
x—20 58.95 —x) )

b (x) = max(mm( 183 ' 20.65
x—254 64.2—x) 0)
179 ' 209 /)

pa(x) = max(min(

Low_Normal

w(x) = max(min(x - 51.4, 75.57 — x), 0)
18.6 5.57

. (x—=573 80—-x
pa(x) = max(mm(w, T)' 0)

Normal 76.1 825
pr(x) = max(min(x_ —,— _x),O)
4.2 2.2
. (x—783 842 —x
pals) = ma{min( 7 =) 0

High_Normal
i (x) = max(mm(ﬂ, 873_‘x) 0)
35 2.8

C(x—84 89 —x
pa(x) = max(min(*5 5=, 5% ) 0]

High
. (x—882 96—x
MR e
pa(x) = max(min(x _ 92, 99— x)/ )
35 7 35
Very_High
i (x) = max(min(x - 96.1, 113 - x)/ 0)
9.2 7.7
() = max(min(x 100. 4’ 116 - x), O)
Too_High

1 (x) = max(min(x 107, 126 2- x), 0)
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1o (x) = max(min(x - 111.3’ 130 - x), O)
8.2 10.5

4.2.1.2. Output variables for triangular type-2 fuzzy system

The FS has only one output called BP_LEVELS, which refers to the Blood pressure (BP) level,
the output gives a percentage, which refers to the following BP levels: Hypotension, Optimal, Normal,
High_Normal, Grade_1, ISH_Gradel, Grade_2, ISH_Grade2, Grade_3, ISH_Grade3. The linguistic
value of MFs is shown below:

Hypotension
pr(x) = max(min(ﬂ, 177 x),O)
10 7.7
o) = max(mm(x 272 205- x), 0)
9.77 8.01
Optimal
n(x) = max(min(x 182 467 - x), 0)
15.5
. (x—21.63 50.2 -x
Ha(x) = max(mm( 1587 ' 127 ) 0)
Normal

i (x) = max(mm(x 45.07 534 - x), 0)
463

Mz(x):max(mm(x 483 55352 x), 0)

High_Normal
. (x—5216 60-x
1 (x) = max{min{ * 2, =) o)

() = max(mm(x 556 625- x), 0)
Grade_1
i (x) = max(min(x 59. 1’ 68.4— x),O)
ia() = max(mm(x 619 716- x), 0)
5.2
ISH_Grade_1 ;
pi(x) = max(min(x — 55, 67— x)’ 0)
8 4
1o (x) = max(min(x - 57.5, 69.5 — x), 0)
74 4.6
Grade_2 ;
p(x) = max(min(x — 69, o x), 0)
6 4
1 (x) = max(min(x - 73.23/ 84.5 — x), 0)
2.77 8.5
ISH_Grade_2
pi(x) = max(min(x — 69, 80_—x)’ )
6 5.6
(%) = max(min(x -72.1 ’ 84.5 — x)’ 0)
49 7.5
Grade_3

. (x=77 955—x
() = max{min( 37, =2 =) 0)
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. (x—83 100 —x
’”‘2<x)_max(mm( 94 ' 76 )’0)

ISH_Grade_3
13 8.4

12 (x) = max(min(x - 80.94, 100 - x), )
10.66 8.4

4.2.2. Trapezoidal Interval Type-2 Membership Functions with Uncertain a € [a1,43], b € [b1, 2],
c € [c1,¢c2] and d € [dy, dy]

The Equation (4) represents trapezoidal interval type-2 membership functions with uncertain.

u(x) = [E(x),ﬁ(x)] = itrapatype2(x, [a1,b1,c1,d1,a2,b2,¢2,dp, )

where a1 <dap, bl < bz, c1 <Cp, dl < dz

p(x) = max(min( Sl B i~ x ), 0)

bi—m' ' di—q

x—a o dz—x)lo) 4)

by—ay " dy—co

() = max(omin|

T(x) = max(py(x), ua(x)) V¥V x ¢ (b1,c2)
R B Vx e (bl,c2)

(x) = min(a, min(u1(x), p2(x)))

=

4.2 3. Interval Type-2 Gaussian Membership Function

The Equation (5) represents Interval Type-2 Gaussian Membership Function.

p(x) = [E(x),ﬁ(x) = igaussatype2(x, [0, m, a])

p(x) =a exp[—%(%f] Where0 <a <1 )

oo 22

=I

~—
=

=
Il

5. Results of This Work

The results obtained are based on the optimization of the membership functions with the genetic
algorithm, below in Table is shown the best architectures of the genetic algorithm

The parameters used in the algorithm are generation: 100, population: 100, selection method:
roulette wheel, mutation rate: 0.06 crossing rate: 0.5. These are the parameters used, since in previous
tests, a good error was obtained using these parameters.

The classification error is based in the fitness function as shows Equation (7), the thought is to limit
the order mistake and this let realizing that the base classifier is arranging effectively, the best approach
to know whether the classifier is characterizing accurately is following Table 1, which characterizes the
BP levels. Table 2 demonstrates the distinctive parameters utilized as a part of the GA (in bold).

Table 2. Some of the parameters that were tested before choosing the optimal parameters for the GA.

Genetic Algorithm Generation Population Selection Method Mutation Rate  Crossing Rate
GA1 100 100 roulette wheel 0.06 0.5
GA?2 100 100 roulette wheel 0.04 0.6

GA3 100 100 roulette wheel 0.06 0.7
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The next tables show the results obtained for 30 patients randomly selected and based on these
results we obtain the classification accuracy (CA) rate and classification error (CE) rate, for which we
use the following equations:

The CA Rate is calculated as follows:

_Ne

A =
C N,

(6)
where N, is the Number of Training Instances Correctly Classified and N; is the Number of
Training instances.
The CE is calculated as follows: N
CE=—
N;
where N, is the Number of Training Instances Incorrectly Classified and N is the Number of Training
instances. The columns shaded with yellow, are the incorrect classifications of each classifier.
Below are the experiments done to obtain the best fuzzy classifier, it should be noted that they
were tested with 30 patients and this was the result which is shown in Table 3 for type-1 fuzzy systems
and the results obtained for interval type-2 fuzzy systems is shown in Table 4:

@)

Table 3. Shows the experiments of the 30 patients with 45 systolic and diastolic samples from the
24-h monitoring and classified by the optimized type-1(T1) fuzzy inference system with triangular,
trapezoidal and Gaussian MFs based in an expert.

Experiments with 45 Systolic and Diastolic Samples from the 24 h Monitoring

Correct Classification Correct Classification Correct Classification
Patients Percentage of the Ifer_centage of_q\e Percentage of the
Optimized Classifier T1  Optimized Classifier T1 = Optimized Classifier T1
(Triangular) (Trapezoidal) (Gaussians)

1 93.33 97.78 93.33
2 100 93.33 93.33
3 93.33 97.78 93.33
4 100 97.78 80

5 100 93.33 95.56
6 97.78 100 77.78
7 93.33 93.33 95.56
8 97.78 93.33 95.56
9 97.78 97.78 80

10 100 77.78 84.44
11 100 93.33 100

12 97.78 93.33 95.56
13 100 97.78 93.33
14 97.78 93.33 93.33
15 100 97.78 100

16 97.78 100 95.56
17 100 93.33 84.44
18 97.78 93.33 84.44
19 100 77.78 93.33
20 93.33 97.78 93.33
21 100 86.66 95.56
22 100 93.33 93.33
23 97.78 86.66 95.56
24 97.78 93.33 86.66
25 100 77.78 95.56
26 97.78 77.78 95.56
27 100 97.78 95.56
28 97.78 93.33 86.66
29 93.33 77.78 95.56
30 97.78 93.33 95.56

Average 98.00033333 91.925 91.926




Axioms 2019, 8, 8 31 of 35

The results for the classification of the experiments with 45 systolic and diastolic samples from the
24 h monitoring in 30 patients using type-1 fuzzy systems with triangular membership functions is
shown in Table 5 with an average 98% and the standard Deviation of 2.36, trapezoidal membership
functions is: average 91.925% and the standard Deviation of 7.16 and finally Gaussian membership
functions is 91.926% and the standard Deviation of 5.91, then the best one is the triangular type-1 fuzzy
system with average of 98 % and the standard Deviation is 2.36.

Table 4. Shows the experiments of the 30 patients with 45 systolic and diastolic samples from the
24-h monitoring and classified by the optimized type-2(T2) fuzzy inference system with triangular,
trapezoidal and Gaussian MFs based in an expert.

Experiments with 45 Systolic and Diastolic Samples from the 24 h Monitoring

Correct Classification Correct Classification Correct Classification
Patients Percentage of the Percentage of the Percentage of the
Optimized Classifier T2 Optimized Classifier T2 Optimized Classifier T2
(Triangular) (Trapezoidal) (Gaussians)

1 100 97.78 93.33
2 100 93.33 95.56
3 100 97.78 93.33
4 100 97.78 95.56
5 100 93.33 95.56
6 100 100 77.78
7 97.78 93.33 95.56
8 100 93.33 95.56
9 100 97.78 95.56
10 100 93.33 84.44
11 100 97.78 100

12 97.78 93.33 95.56
13 100 97.78 93.33
14 97.78 93.33 93.33
15 100 97.78 100

16 100 100 95.56
17 100 93.33 84.44
18 100 93.33 93.33
19 100 97.78 93.33
20 100 97.78 93.33
21 100 86.66 95.56
22 100 93.33 93.33
23 100 86.66 95.56
24 97.78 93.33 86.66
25 100 97.78 95.56
26 97.78 93.33 95.56
27 100 86.66 95.56
28 97.78 86.66 95.56
29 97.78 86.66 95.56
30 97.78 97.78 95.56

Average 99.408 94.2946667 93.6306667
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Table 5. The results for the experiments with 45 systolic and diastolic samples from the 24 h monitoring
in 30 patients using type-1 FS with triangular, trapezoidal and Gaussian MFs.

Results for Type-1 Fuzzy Systems

Classifier T1 Classifier T1 Classifier T1
(Triangular MF) (Trapezoidal MF) (Gaussians MF)
Average: 98% 91.925% 91.926%
Variance 5.57 51.25 34.92
Standard Deviation 2.36 7.16 591

The results for the classification of the experiments with 45 systolic and diastolic samples
from the 24 h monitoring in 30 patients using type-2 fuzzy systems with triangular membership
functions is shown in Table 6 with an average of 99.408 % and the standard Deviation of 0.998,
trapezoidal membership functions is: average 94.29% and the standard Deviation of 4.16 and finally
Gaussian membership functions is 93.63% and the standard Deviation of 4.59, then the best one is
the type-2 fuzzy system with triangular membership function with the average of 99.408 % and the
standard Deviation is 0.998.

Table 6. The results for the classification of the 30 experiments in the type-2 FS with triangular,
trapezoidal and Gaussian MFs.

Results for Type-2 Fuzzy System

Classifier T2 Classifier T2 Classifier T2
(Triangular MF) (Trapezoidal MF) (Gaussians MF)
Average: 99.408% 94.29% 93.63%
Variance 0.997 17.29 21.04
Standard Deviation 0.998 4.16 4.59

Based on the experiments performed with the different architectures, it gives the possibility of
being able to compare each one of the results and reach the conclusion that the best architecture is the
one that is composed of type-2 triangular membership functions, with 21 fuzzy rules and Mamdani
type. It is worth mentioning that all architectures improved when using type-2 but the best one is the
type-2 fuzzy system with triangular membership functions.

It is also important to highlight the results obtained in the architectures with trapezoidal and
Gaussian membership functions, since their standard deviation of type 2 is lower than that of type
1 that is why we conclude that the trapezoidal and Gaussian architectures in type-2 are better than
Trapezoidal and Gaussian architectures in Type-1.

6. Discussion

This work is focused on analyzing each of the possible architectures of type-1 and type-2 fuzzy
systems, in order to obtain the best classifier with the least possible error at the moment of making the
blood pressure classification.

In the work entitled Design of an optimized fuzzy classifier for the diagnosis of blood pressure
with a new computational method for expert rule optimization, the design of a type-1 fuzzy classifier
was carried out with the optimization of triangular membership functions and the appropriate fuzzy
rules based on the knowledge of an expert in cardiology. The optimization was done with genetic
algorithms, in this work the chromosome structure is shown for the optimization and thus finding the
appropriate parameters. It is worth mentioning that only work was done with type-1 fuzzy systems
and it was limited to testing with triangular functions, since the main objective was to obtain the
appropriate number of fuzzy rules and thus avoid possible unnecessary rules for the classification of
blood pressure.
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In the current work, once the optimal number of fuzzy rules was achieved, we decided to design
type-1 and type-2 fuzzy classifiers using triangular, trapezoidal and Gaussian membership functions
in order to compare the different architectures with which the experiments were carried out. These are
shown in the results section and all this in order to obtain the architecture with the lowest classification
error rate.

It is important to emphasize that the use of type-2 fuzzy systems can help to improve the results,
compared to previous works of the authors, that is why the contribution of this work is was to find
a better classification architecture based on interval type-2 fuzzy systems since the management of
uncertainty in their membership functions helped to give a more adequate classification.

At present there are some works in the literature, which have done research in medicine focused
on cancer, diabetes, nutrition, cardiovascular diseases among others, all these using other intelligent
techniques [42-45].

7. Conclusions

In this work, we experiment with different architectures designed based on fuzzy logic and
evolutionary computing techniques, which belong to the artificial intelligence area. The optimal design
of the fuzzy systems enables making decisions based on a structure built from the knowledge of an
expert, which is specified by membership functions and fuzzy rules and these are made based on
parameters on Table 1, which is an official standard of the European Hypertension Society.

Based on the information obtained in the tables shown above, we can conclude that the best
architectures are those that use triangular membership functions with either a type-1 fuzzy inference
system or an interval type-2 fuzzy inference system. It is important to note that each of the fuzzy
systems were tested with 30 patients, each of which are independent and therefore has an individual
classification, based on the best architecture, then the best average is the triangular type-1 and type-2
fuzzy system. The contribution of this work is the design of the type-2 fuzzy system with triangular
membership functions, which is better than the design of the type-1 fuzzy system developed previously
by the authors [36], it is also important to mention that the results obtained in the type-2 fuzzy systems
with trapezoidal and Gaussian membership functions are also better than their respective type-1,
however the design with the best result is achieved in this work with a 99.11% classification with the
type-2 fuzzy system with triangular membership functions.
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