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Abstract---In this paper we present a cardiovascular diseases
prediction which is referred to as heart diseases. A detail review and
application of genetic algorithms in healthcare systems including
machine learning algorithms were evaluated. The cardiovascular
disease involves narrowed or blocked blood vessels that can lead to a
heart attack, angina or stroke, and other heart failures such as
muscle, valves or rhythm, which is one of the largest causes of
morbidity and mortality among the world population. According to our
analysis and results obtained between 85-89 percent of ages greater
than 40 years were seriously affected by cardiovascular diseases
which provides an imperative result in regards to the previous Ebola
outbreak in West Africa in 2014-2016 and the current COVID-19
pandemic of which the aging population were more affected. Our
results also indicate, the higher the generation the better prediction
and performance and more complex the algorithm. However, with GA
and ML approaches are useful to predict the output from the existing
data and to match-up the probability computation against the
cardiovascular diseases’ dataset.
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Introduction

The region of the mid-brain that results from the death of dopamine generating
cells in the substantia nigra is referred to as Parkinson Disease (PD) which is a
degenerative disorder of the central nervous system [1]. According to Betarbet et
al. [1], Parkinson’s disease affects approximately 1 percent of the world
population over the age of 55. Dementia and dysautonomia occur frequently in
advanced stages of the disease, with nonmotor features. In the case of the
presence of two or more cardinal motor features for example rest tremor,
bradykinesia, or rigidity by Parkinson’s disease [2]. The promise of improved
diagnosis and enabled assessment in early disease is held by functional
neuroimaging. Bradykinesia, tremor, rigidity, and postural instability are the
major symptoms of Parkinson’s disease. With Parkinson’s disease and when all of
these symptoms are seen, then the person can be diagnosed by doctors. One of
the most challenging aspects of Parkinson’s disease by many patients and their
families is considered dysphonia.

Closely 9 out of 10 people with Parkinson’s disease have a speech or voice
disorder. Symptoms such as breathiness, reduced loudness, roughness decreased
energy in the higher portion of the harmonic spectrum are symptoms of
dysphonic overstated vocal tremor and these symptoms can be detected using
many different vocal tests [3]. Due to the most frequent or common symptoms,
voice data is more suitable in the design of an automatic diagnosis system for
Parkinson’s disease. Several studies were conducted to determine the speech
signals and are recorded, and then these signals are detected by means of
different methods certain features of these signal [4-6]. A classifier is used to
diagnose patients with Parkinson’s disease from certain features of the signal. The
automatic diagnosis system depends on the classifier. As high accuracy as
possible even through there are many unrestrained variations.

The results are very clear that computers have revolutionized our everyday life.
Ranging from aerospace and astronomy, archeology, engineering and many other
domains. Electronic chips and computers are the mainstay of imaging, diagnostic,
monitoring, and therapeutic devices which have contributed greatly in medicine.
The devices that are composed of many various hardware constituents, are
managed and controlled by software applications and subsequently based on
algorithms. A set of well described rules and instructions that describe or outline
a sequence of operations or functions is referred to as algorithm. According to
Osman et al. [7], algorithms that can more quickly resolve complex problems,
alternatively find an estimate solution when classical techniques are not able to
find an exact one is referred to as metaheuristic techniques.

Researchers have developed and constructed many metaheuristic algorithms to
optimize solution that exist and are inspired by natural biological behaviour and
patterns. Some of these algorithms include the following: ant colony inspired by
ants’ behaviour [8], artificial bee colony inspired by bees behaviour [9], Grey Wolf
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optimizer inspired by grey wolves behaviour [10], artificial neural networks
emanated from the neural systems [11], simulated annealing [12], river formation
dynamics inspired on the process of river formation [13], artificial immune
systems inspired on immune system functions [14], genetic algorithm inspired by
genetic mechanisms [15], and many other algorithms. To solve complex problems
or to find an optimal decision, metaheuristic approaches have been rapidly
utilized in other field of science for decision making process. The power of these
potent algorithms for offering solutions to the uncountable complex issues
especially physicians encounter everyday which has not been fully exploited in
medicine, however, valuable work has been done in this domain with the use of
classical computers and it hoped that when artificial intelligence and machine
learning is fully utilized these algorithms will solve a lot of problems in various
field especially the expectation for full implementation of quantum computing. In
this paper, we introduce the combined genetic algorithm with machine learning
techniques in order to help predict challenges encountered in the healthcare
systems. A case study for the evaluation of the proposed algorithm is also present
for generations after generations as propounded by Darwinian theory. The
metaheuristic and machine learning review some of its application in medicine.

Concepts of genetic algorithms

Considering other algorithms based on metaheuristic techniques, GA is a
metaheuristic technique inspired by the laws of Darwinian in genetics, ensuring
to find valuable solutions to complex problems. Some random solutions we
referred to as individuals are generated each containing many features, we called
chromosomes in this technique. Inspired by the law of genetics, crossover and
mutations occur in chromosomes (features) to produce a second generation of
individuals with more diverse features. The two most central techniques for
diversifying individual are crossover and mutation. During crossover two
chromosomes are selected. Then a crossover points along each chromosome is
selected followed by interchange of the two chromosomes (features). A typical
scenario of the phenomena is illustrated in Figure 1. The technique to persuade
diversity in the population of individuals called candidate solutions. The diagram
(a) indicates during crossover, one part of a chromosome (feature) is interchange
by another fragment another chromosome and (b) during mutations one or more
datasets on a chromosome are converted to various ones. These modifications or
changes will generate new individuals whose fittest or more optimal solution will
survive.
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In genetic algorithms, the possibility of reproduction relies on the fitness
functions of the individuals. The better the chromosomes (features) they have, the
more likely they are to be chosen for breeding the next generation and better
chances the subsequent generation are to be reproduced. By applying random
changes in different chromosomes, the mutation then generates new
configurations [16]. Figure 1 represents two scenarios of simplest mutation
techniques. There are several selection techniques; consequently, the objective of
all is to map-out the fitness values to individuals based on a fitness function and
the selected fittest offspring’s genetic alterations in chromosomes or features will
occur through crossover and mutations to produce another generation. An
optimal solution would have to be obtained due to it iterative process will
continue until the fittest individual is formulated or the maximum number of
generations is achieved [17-18]. Additionally, GA is very important to predict
certain parameters for a given generation and determine which variable will attain
the best performance especially in disease predictions with combinatory algorithm
of GA and ML in healthcare domain.

This paper major contributions are to determine a given dataset and with
variables sets in the GA for every generation and compare their performance
matrix. Considering other optimization algorithms, GA is worth noting that from
derivative -based optimization algorithms. Firstly, Gas searches a population of
points in the solution space in each iteration while classical derivative-based
techniques search a population using probabilistic transition rules and random
number generators and on the other hand derivative-based algorithms using
deterministic transition rules for choosing the nest point in the other or
arrangement. Additionally, by predicting the successiveness of generation after
generation in relation to their performance and precision of data in solving
business and biologically related problems. This enhances the facilitation of
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making GA research-based challenges especially during the Pandemic or COVID-
19 crisis.

An evolutionary process is utilized in the structure of genetic algorithms to solve a
problem [19]. A genetic algorithm begins with a set of solution which are
represented by individuals. The set of solutions is referred to as a population. New
solutions are selected according to their fitness values and each population is a
solution set. Furthermore, in genetic algorithm, the iterative process is recurrent
as long as the new population is better than the old one. For example, a
computational recurrent for 20 generation is better that the recurrent values of
the 10 generation. The higher the fitness values (functions) of an individual are,
the more likely this individual is reproduced for the following population. The
iterative process is completed when some conditions for example, the number of
individuals in the population are fulfilled [20]. There are 8 phases of the genetic
algorithm as highlighted below:

e Phase 1: A random variable of individual n population is created. These
individuals are suitable solution to the problem. In this case, the value of
nis 50 for experimental purposes.

e Phase 2: The fitness function f(x) is an illustration of each individual (x)
and is computed in the population [21]. In our experimental illustrations
and studies, each of the individuals in the population is randomly
constructed.

e Phase 3: From among the individuals that are selected, two parental
individuals are selected. These individuals have the higher fitness value in
the population. This parental individual is realized to the then crossover
operator.

e Phase 4: A crossover probability estimation is utilized in this phase for
crossover operator to form the new individuals. If the crossover is undone,
the individual will be the exact copy of the parents.

e Phase 5: Each new individual is obtained by mutating with a mutation
probability, in this phase. This mutation process is realized by using any
one or more bits of the individual generational computation

e Phase 6: The new individuals are obtained from the new population in this
phase.

e Phase 7: Here certain conditions hold, if the end conditions are satisfied,
the GA is stopped. It is returned to the best solution in the current
population in this phase.

e Phase 8: In this phase, it is returned to phase 2. Then, the new generated
population is used for further algorithm.

Application of genetic algorithms and machine learning in healthcare systems
Radiology

Radiology generates a large amount of data that requires to be analyzed and
interpreted by radiologists in a relatively short time through imaging techniques.
Recently, various devices and applications have been developed to combat the
detection and diagnosis of growing interdisciplinary technologies that aim to
support radiologists in faster and more accurate image analysis through the
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process of segmentation, detection, and classification of normal and pathological
patterns found on different imaging modalities. Ultrasound, CT scan (compute
tomography), magnetic resonance imaging (MRI), and X-rays are typical examples
[22]. An image of scenery in machine vision such as organs of the human body in
radiology images is acquired, processed, and interpreted. To access the objects in
detail, the boundaries of shape and sizes of objects within the images are required
to be determined. Consequently, the process of edge detection results in one of
the integral portions of automatic image processing methods [23]. For various
imaging modalities such as MRI, CT, and ultrasound, Gas for edge detection of
images is acquired and by utilized many researchers.

Oncology

GA was used to analyze the biomolecular information generated vis the Raman
spectroscopy using partial least square discriminant analysis system to
distinguish between a normal and dysplastic cervix. This method is a statistical
technique (partial least square) whose goal is to find a linear regression model
between a dependent variable and some predictor variables. The results of the
system differentiated dysplasia from a normal cervix with sensitivity and
specification of 72 and 90 percent respectively [24].

Cardiology

The hallmarks of most myocardial infarctions and strokes are caused by
atherosclerotic plaques. In different fields of cardiovascular medicine, Gas has
been utilized for determining plague mechanical features such as elasticity that
would enhance physician locate better and map vulnerability plaque or situation
that is unstable [25]. A system involving Gas was used for parameter estimation
which is essential for predicting accurate elasticity quantification and determining
tissue elasticity [25]. For inhomogeneous solution spaces containing several local
minima and the requirement for substantial computation time limits their
application, this system is higher than gradient-based techniques. The rapid
development in medical diagnosis, prognosis, and disease follow-up especially in
the field of biomarker discovery and clinical proteomics. Mass spectrometry is an
example of advanced technology which can generate readouts of thousands of
patients from patients’ samples. Nevertheless, the complexity and cost of each
method on the one hand, and computational and statistical techniques for
analysis, on the other hand, require the selection of few, significant markers for
clinical research development. An improved version of GA that supports the local
float enhancement method to predict the risk of a major adverse cardiac event
(MACE) through recursiveness was employed by Zhou et al [26]. A panel of seven
proteins including myeloperoxidase to predict the risk of MACE with 77 percent
accuracy and thus outperformed several current techniques were selected.

Obstetrics and gynecology

During childbirth (if necessary), the difference between normal and prolonged
delivery enables obstetricians to determine the optimal timing for interventions.
The time to reach full cervical dilation, delivery time, and segregate normally
against prolonged labour is one of the parameters that can support prediction
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purposes. In a study, Hoh et al. [27] employed a three-parameter logistic model by
utilizing GA or the Newtons Raphson (NR) technique to forecast the time to arrive
at full cervical dilation. More cervical dilation was implemented based on the GA
algorithm and outperformed the NR technique.

Surgery

ANN is one of the powerful mathematical algorithms with the capability of
predicting the behaviour of systems. A GA-based on ANN (GANN) was developed
to predict the outcomes of surgery for patients with non-small cell lung cancer
(NSCLC) because of the predictive value of ANNs. For optimization purposes, the
GA was applied not to fall into local minima. The outcome of NSCLC patients was
more accurate and significantly better than logistic regression when the GANN
model was applied to predict the outcome. Nevertheless, the inclusion of tumor
size in calculating significantly improved the prediction outcomes [28]. The
number of geriatric patients needing cardiac surgeries increases as population
age increases. Proper prognostication of postoperative morbidity and mortality
would be informative, precluding overestimation of risk and denial of surgery for
patients deserving it, which could occur with some prediction models due to the
high prevalence of comorbid conditions in an elderly individual. A short length of
stay after cardiac surgery was correlated with younger age, no preoperative use of
beta-blockers, shorter cross-clamp time, and absence of congestive heart failure
showed that GA by applying GA can produce better predictivity in medicine [29].

Evolution of ga enhancement

The enhancement of one consequently converts performance limit evaluation to a
general and optimal problem given as:

opTeiﬁ b(opt) [1]

Where 0, is the optimization variables that is for any simulation exercise; b(Opt)
is the objective function that determine the desired performance; R is the set
comprises of all possible situation. For the purpose of this scenario, equation [1]
is the performance limit assumed to be the minimum value of the objective
function. Also, the optimization problem can be converted to equation 1
equivalently.

Evolution of Desired Setting

Similar to the traditional assessment, the evolution test by the enhanced GA
comprises of five basic steps as indicated in Figure 2 [30] where the crossover or
mutation operators are adapted to enhance the evaluation efficiency. The new
ones are referred to as crossover and manifold mutation, in that magnitude. The
full crossover and manifold mutation operators are developed to increase the
probability of producing more complex situations, in respect to the performance
limit which is more likely to be activated with complex simulations. The initial
population, say x; = {X;,X, .....X3,} evaluation situations, is generated randomly.
The assess situation, X; is composed of values chosen randomly from the m —
simulations elements. Each simulation is associated as an individual and
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represented by a chromosome with L-genes. The performance is measured by an
objectives function. When it iterates and reach it desired value, it shows that the
performance limit is found and the simulation process terminate. The sort-based
fitness function is utilized for natural selection [31], to circumvent premature
caused by over-selection of individuals, and ensure the selection possibility of
each individual is greater than zero. This is represented by a mathematical
function as:

P-2(P-1@Q: -1
(2n —-1)(2n)

fX) = (2]

Where f(X;) is the fitness function determining the probability of the selection of
X;, P € [1,2n] is the ranking of X; number. The best individual found during the
test is recorded before natural selection, which is referred to as elitist selection
strategy to ensure the global convergence [32-33].

Complexity of genetic algorithm architecture

The core parameters of the GA are crossover and mutation operators. By
increasing the probability of producing more complex simulations for better
efficiency an index is required to measure the effectiveness of the evaluated
situation without conducting the assessment which objective is to enhance them.
Nevertheless, it is difficult to set up an analytical function in different scenarios:
between the performance of automate driver system (ADS) and the evaluation
scenarios and so on. The analytical hierarchy process (AHP) is adopted to develop
the situation complexity index [34-35]. This is different from the objective function
derived from equation [1].

The leverage factors of any complex problems are numerous and complicated
depending on the multiple of scenarios being conducted for the assessment. It is
very difficult to determine the significance of each factor when designing the
evaluation situation quantitatively. Comparative analysis among the factors
belonging to the same parent node is required by this tree structure. The AHP is
the obtained by the significance degree of the node at the bottom layer [36-37].
This is illustrated mathematically by:

=[] Ry [3]
(L.j)eR

Where Ty, is the significance degree, R;; is the relative significance of node, b; ; and
R is set composed of the index of the path from bs to the root.

An evaluation scenario, X, is denoted by the values of situation elements, that is
x; = {X1, X, ..... X, }, where X; denotes the value of the i — th situation element. To
determine the exact performance limit, X; is generated randomly in it continues
range, consequently X;is not equal to the discrete value, b;. The linear
interpolation is used to calculate the significance degree of X;e(bs—1,bsx) and the
situation complexity index is obtained by the full function of:
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Figure 2. Evolutionary algorithm performance evaluation
Crossover Operator

Since the crossover point is selected randomly, the traditional GA has no prior
knowledge about the efficiency of the offspring. The possibility of missing the best
one is high; consequently, the good offspring exist in the candidate ones
definitely, the whole crossover operator is developed in Figure 3 (for singleton and
manifold operators). This performs the single point crossover at every positions.
The number of offspring will eventually improve or increase by the geometric
progression provided all candidate offspring are selected to mutate. The
neighbouring competition mechanism is enhanced to choose the final offspring
pair in relation to their situation complexity index, which has a positive
correlation with probability of selection.

For manifold mutation operator, the traditional operator only generates one
population, among which it has a low possibility to include the good individuals.
The manifold mutation operators are developed as indicated in Figure 3, in order
to increase the possibility. On the population for N times, it performs traditional
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canonical mutation [38]. The neighbouring competition mechanism is adopted to
choose the final offspring in relation to their overall simulations’ complexity index
given by X" = Mut(X¢,W,,). By randomly selecting a candidate mutation offspring
population as the final on (X™) with the probability that:

eaxC(x{™)

Wit = leg=1 e@xC(Xi) [5]

where Mut(X¢,W,,) donotes the canonical mutation on X¢ with the mutation probability, W,,[56]
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Classical GA

Genetic algorithm is an optimization algorithm that is biologically inspired from
the concept of natural selection. Since it is a population-based search algorithm,
it uses the concept of survival of the fittest [39] by the Darwinian theory of
evolution. Through iterative strategy the use of genetic operators on individual
present in the population to produce new population. They are represented by key
elements such as chromosome representation, selection, crossover, mutation, and
fitness function. The algorithm of GA is as follows: A population (P)ofn
chromosomes are initialized randomly. The fitness of each chromosome P is
calculated. Two chromosomes (example C1landC2) are selected from the
population P in relation to the fitness value. The single-point crossover operator
with crossover probability (Cp)is applied on C1and C2 to produce an offspring
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say Os. Subsequently, the uniform mutation operator is employed on producing
an offspring (0s) with probability of mutation (Mp) to generate O’s (new offspring).
The new offspring 0’s is placed in new population until the new population is
complete. A typical classical GA is represented by the following pseudocode
(algorithm).

Genetic Operator

There are a variety of Gas operators used to develop machine learning algorithm
or hybrid of GA and ML. these operators include encoding schemes, crossover,
mutation, and selection process. Figure 4 represents the GAs operator used in
various health systems. The encoding scheme convert in a specific form and plays
a significant role in most of the computational problems. The provided
information has to be encoded in a particular bit string [40]. The encoding
schemes are distinguished according to the problem domain. Currently, the most
understood encoding schemes are binary, octal, hexadecimal, permutation, value-
based, and tree. In binary encoding, each chromosome or gene is denoted as a
string of 1or0 [41], which is commonly used encoding scheme. Each bit
represents the features of the solution and it enables the process quicker
implementation of crossover and mutation operators. Nevertheless, it requires
extra effort to convert into binary form and accuracy of algorithm depends upon
the binary conversion. The binary encoding scheme is not adequate for some
engineering design problems due to epistasis and natural representation due to
the bit stream is changed according to the problem. In octal encoding scheme, the
chromosome is denoted in the form of octal numbers. Similarly, in hexadecimal
encoding scheme, the chromosome is denoted in the form of hexadecimal
numbers [42]. The chromosome is denoted by the string of numbers that
represents the position in a sequence in this encoding scheme. This is more
significant in solving more complicated problems. In neural networks, it is used to
find the optimal weights.

In crossover operators, the operators are used to generate the offspring by
compounding the genetic information of two or more parents. The famous
crossover operators are single-point, two-point, k-point, uniform, partially
matched, order precedence preserving crossover, shuffle, reduced surrogate, and
cycle. A random crossover point is chosen in a single point crossover and the
genetic information of two parents which is beyond that point will be swapped
with each other [43]. Whereas, in a two point and k-point crossover, two or more
random crossover points are chosen and the genetic information will be swapped
based on the segments that have been developed. Figure 4 shows the genetic
information after swapping for single- and two-point crossover. It replaced the tail
array bits of both the parent to generate the new offspring while in two-point
crossover the middle segment of the parents is replaced to get the new offspring.

Mutation Operator

The genetic diversity from one population to the next is maintain by an operator
called mutation. The eminent mutation operators are displacement, simple
inversion, and scramble mutation. The operator that displaces a substring of a
given individual solution within itself is referred to as displacement mutation. A
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part of an individual solution is either exchanged with another part or inserted in
another location, respectively in exchange mutation and inversive mutation
operators. The simple inversion mutation operators (SIM) reverse the substring
between any two specified locations in an individual solution. The randomly
selected string and places it at a random location of which the SIM is an inversion
operator that reverses. The scramble mutation operator places the elements in a
specified range of the individual solution in a random order and determines
whether the fitness value of the currently generated solution is improved or not.

Chromosome/gene 1 11011}00100110110
Chromosome/gene 2 11011111000011110 Single Point
Offspring 1 11011 11000011110 ¢ Crossover
Offspring 2 11011, 00100110110

00100110110

Chromosome/gene 1 11011 |
Chromosome/gene 2 10101,11000011110 Two Point
Offspring 1 110111110000110110 Crossover

Offspring 2 10101 00100,011110

Figure 4. A typical scenario of a single point crossover (top) and two-point
crossover (bottom)

Architecture for the proposed hybrid genetic algorithm and machine
learning approaches

Currently, MATLAB is an extensively used programming environmental that
enable large number of computer platform. Due to its simplicity and ease of use
and learning ability, it is yet the fastest and powerful mathematical calculus and
its extensively and straightforward data visualization tools make it a very
appealing programming environment. The MATLAB setting provide a solid
foundation on which to build and optimized toolboxes collection, and application
specific functionalities. The toolbox for MATLAB is referred to as GPLAB (genetic
programming). The proposed hybrid genetic algorithm and machine learning
algorithms (HGAMLA) approaches encapsulate dynamic functionalities: reset
parameters function (which resets the parameter variables for the GPLAB algorithm
using parameter variables with the default values), set parameters function, set
operators function, desired obtained function (variables, indices, x parameters,
black and white, size of x and y variables), accuracy and complexity function
(variables, offsets, black and white, and size x*y), pareto function), and GP tree
function.

This demonstration of this architecture is a functional GPLAB toolbox which runs
a symbolic regression problem called the polynomial quartic. The Figure 5
illustrates a block diagram used to develop the proposed HGAMLA architecture of
the GA and ML algorithms for health-related problems and generic predictions
and estimation criteria settings. In our experimental simulation exercises, 100
individuals for 40 or more generations with automatic adaptation of operator
probabilities, drawing several plots in runtime, and finished with two additional
post-run plots. The experimental results return all the variables of the algorithm
needed to plot charts, continue runs, draw trees etc. and it also returns the best
individuals found during the simulation exercises.
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Figure 5. A block-diagram for the proposed HGAMLA architecture
Description of Datasets

The dataset used in this experimental analysis was presented in three folds: (a)
11-multiplexer represented in x and y variables, (b) the probability expressions
represented in x and y variables, and (c) the heart disease dataset represented in
x and y variables. The multiplexer was tested with a training set size of 2048 to
determine the block and thread intertwined spirals (x variable) against the
y variable. The probability expression in the x and y plot, which is represented
between [0,—1]and [0,1] determined by the x —axis, and [0.3679,1.0000] and
[1.1052, 2.7183] are determined by the y-axis. The heart disease dataset is
presented as follows: A dataset is formed by taking into consideration some of the
information of 779 individuals. The problem is based on the given information
about each individual we have to calculate whether that individual will suffer
from heart disease. There are 14 parameters in the dataset which suitable for the
learning of GA and ML effectively and it denote variable x that encapsulate the
following parameters:
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Age- shows the age of the individual;, Sex- shows the gender of the individual
using the following format: 1 = male and O = female; Chest-pain Type- shows the
type of chest-pain experienced by the individual using the following format: 1 =
typical angina, 2 = atypical angina, 3 = non - anginal pain, 4 = asymptotic;
Resting Blood Pressure- shows the resting blood pressure value of an individual in
mmHg (unit); Serum Cholesterol- shows the serum cholesterol in mg/dl (unit),
Fasting Blood Sugar- compares the fasting blood sugar value of an individual with
120mg/dl, If fasting blood sugar > 120mg/dl then : 1 (true), else : O (false);
Resting ECG-0 = normal, 1 = having ST-T wave abnormality, 2 = left ventricular
hypertrophy; Max heart rate achieved- shows the max heart rate achieved by an
individual; Exercise Induced Angina : 1 = yes, 0 = no; ST depression induced by
exercise relative to rest : shows the value which is integer or float; Peak exercise
ST segment : 1 = upsloping, 2 = flat, 3 = down-sloping; Number of major vessels (0-
3) colored by fluoroscopy : displays the value as integer or float; Thalassemia :
shows the thalassemia : 3 = normal, 6 = fixed defect, 7 = reversable defect;
Diagnosis of heart disease : shows whether the individual is suffering from heart
disease or not : O = absence and 1,2,3,4 = present.

Model Training and Prediction

We can train our prediction model by analyzing existing data because we already
know whether each patient has heart disease, probability expressions, and 11-
multiplexer to determine the performance and accuracy of the GA model. This
process is also known as supervised and learning modularization. The trained
model is then used to predict if users suffer from heart disease, to determine
which generation performs better, complexity and diversity of the GA model.

Experimental analysis and results

The experiment was conducted on MATLAB programming language platform,
Intel(R) Core (TM)i7-7500U CPU running @ 2.70GHz and 2.90GHz, 16GB of RAM,
and x64-based processor. The results were presented in table and figures to
determine the following GPLAB functions: accuracy versus complexity, pareto
front, GPLAB tree functionality, desired obtained function, GA operators, fitness,
structural complexity, and population diversity. According to the analysis
obtained, for 25 generations with 100 individual population were inserted and
result for the generation were presented in Table 6. Astonishingly, for any set of
the computation (25 generations and 100 individual), the GA produces different
values based on the following parameters: generation type, used resources,
fitness, test fitness, depth and umber of nodes.

The number of generations refers to the number of cycles prior the termination of
the GA. In certain conditions, hundreds of loops are sufficient, however, in other
situations we might need more and this is dependent on the type of problem and
complexity. Also, depending on the GA design, sometimes this parameter is not
utilized, particularly if the termination of the GA depends on deterministic
criteria. The GA parameters are strongminded whether the GA finds an optimal or
closer optimal solution, and efficient solution. The changes (increases or
decreases) in the value of these parameters affects the result of the GA positively
or negatively and subsequently selecting the right parameters is a nontrivial task.
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During the simulation exercises, the test was conducted for 25 generations (top),
40 generations (bottom), and 100 individuals to determine the depth and nodes of
the GA. The results shows that there were dynamic generation of different depth
and nodes using the same generation and individual population for 1st, 2rd .
Nth computation of the GPLAB algorithm as represented in Figure 6.1

Table 1
Experimental results showing 25 and 50 generations with 100 individual
population
: Best
Expenmeqtal Number_ of Nur_nper of Used obtained Fitness Test Depth Number
Computation ~ Generation  Individuals  Resources <o far Fitness of Nodes
1% Results Initial Gen 1024 67 10.103316  10.808240 6 16
2" Results . 1024 27 12.766600 25.066600 1 1
1% Results 1 1321 67 10.103316  10.808240 6 16
2" Results 1116 146 10.842765 12.108143 5 6
1% Results 2 1220 232 8.895924  18.178717 4 7
2" Results 988 243 10.368153  18.178717 6 15
1% Results 3 958 232 8.895924  18.178717 4 7
2" Results 979 243 10.368153  18.178717 6 15
15 Results 4 856 448 6.897281  19.165462 10 24
2" Results 1134 450 9.4726114 19.907328 14 39
15 Results 5 793 448 6.897281  19.165462 10 24
2" Results 942 530 6.050000  17.366600 3 5
1% Results 6 582 581 6.667338  18.446664 6 11
2" Results 976 530 6.050000  17.366600 3 5
1% Results 7 528 581 6.667338  18.446464 6 8
2" Results 1489 530 6.050000  17.366600 3 14
19 Results g 672 753 6.387716  12.654220 4 8
2" Results 1930 817 4799050  13.788685 6 14
15 Results 9 766 753 6.387716  12.654220 4 8
2™ Results 2877 817 4.799050  13.788685 6 14
1% Results 10 954 753 6.387716  12.387716 4 8
2™ Results = 3096 1015 4576328 15.511013 18 47
15 Results 11 8 889 753 6.387716  12.654220 4 8
2" Results g 3319 1059 4.335451  15.273556 18 43
15 Results 10 < 998 753 6.387716  12.654220 4 8
2" Results g 3608 1153 3.419405  15.799956 14 41
1% Results 13 :—, 1180 1304 5.901219  14.531697 6 15
2" Results 8 3511 1153 3.419405  15.799956 14 41
1% Results 14 % 1470 1304 5.901219  14.531697 6 15
2" Results g 3511 1153 3.419405  15.799956 14 41
15 Results 15 = 1430 1444 3.521069 14.474716 8 17
2" Results 3483 1153 3.419405  15.799956 14 41
1% Results 16 1530 1444 3.521069 14.474716 8 17
2" Results 3451 1416 3.302804  13.774998 14 31
1% Results 17 1721 1647 2468834  14.523477 12 23
2" Results 3616 1519 2712197 14537375 14 34
15 Results 18 1657 1647 2468834  14.523477 12 23
2" Results 3848 1631 2.646642  14.537375 18 55
1% Results 19 1787 1647 2.468834  14.523477 12 23
2" Results 3787 1631 2.646642  14.537375 18 55
15 Results 20 2060 1647 2468834  14.523477 12 23
2" Results 3598 1631 2.646442 14537375 18 55
1% Results 21 2275 2064 1902202 16.358613 11 22
2" Results 3533 1631 2.646642 14537375 18 55
15 Results 2 2352 2064 1.902202  16.358613 1 22
2" Results 3478 1631 2646642 14537325 18 55
15 Results 23 2368 2064 1.902202  16.358613 11 22
2" Results 3697 1631 2.646642  14.537378 18 55
1% Results 24 2368 2064 1.902202  16.358613 11 22
2™ Results 3908 1631 2.646642  14.537375 18 55
1% Results 25 2212 2064 1.902202  16.358613 11 22
2" Results 3903 1631 2.646642  14.537375 18 55
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Figure 6.1. Result of the GA tree generated by the GPLAB algorithm for 25
generations (top) and 40 generations (bottom) for 100 individual population
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Figure 6.2. The pareto front derived for 25 generations (top) and 40 generations
(bottom) and 100 individual population

According to the results obtained in Figure 6.2, over 100 nodes and 40 fitness
was computed to determine the Pareto front algorithm (functional) and for 40
generations and 100 individual population (top). The line with blue indicates the
best for the number of nodes, red line denotes the pareto front, green data point
represents the current population, and pink line denotes the test for the fitness.
Consequently, as the number of nodes increases the test fitness performance
improves and the better the prediction obtained. Also, where the current
population of data points are massive the better the fitness functions and more
accuracy in regards to the heart diseases experimented against the GA/GP in our
simulation exercises. However, it can be noted that as we continue to execute the
algorithm more diverse pareto front is achieved but improves the prediction of the
algorithm.

The GA or the GPLAB algorithm was used to determine the heart prediction for 25
generations (left) and 40 generations (right) and ages ranging from 0-90 years of
people affected by heart diseases. The line with blue is called the fitness, yellow
line the number of nodes (representing the ages against the generations), and red
line indicates the level of complexity between the two parameters (fitness and
nodes). According to the analysis, at generation 5 and between 10-35 years of age
are affected by heart diseases than at generation 15 (less than 10 years old).
However, at generation 20 and 25, ranging between 40-90 years are affected by
heart diseases. In the other hand, the complexity of the algorithm increases as
more generation are inserted in the algorithm and provides an intuitive prediction
that aging population would be more affected by heart diseases and making it
very difficult to survive infectious diseases as in the case of COVID-19 Pandemic.
By comparing top and bottom figures, we found that the results are similar unlike
at generation 40 where the aging population drops for ages greater than 40 years
and so on (Figure 6.3).
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Figure 6.3. The accuracy versus the complexity for 25 generations and 100

individual population

This function was set to determine the probability predictions between -1 and +1
for 25 and 40 generations (Figure 6.4). By comparing generation from another
generations, we found that the higher the generation the better the desired
obtained algorithm. This further explained and provide an imperative result
propounded by Darwinian theory. At generation 24 (top) and generation 39
(bottom), the probability of producing offspring that can provide more requisite
accuracy and performance (80-100) % than compared to lower generation for 100
individual population.
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Figure 6.4. The desired versus obtained GPLAB algorithms for 25 generation (top)
and 40 generation (bottom) with 100 individual population.
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The probability computation executed as follows using 25 and 40 generations:
light blue line indicates the maximum fitness (5.1958 and 3.2896, respectively),
green line shows median (10.5403 and 4.9774, respectively), orange line shows
the average (11.979 and 6.9774, respectively), negative broken orange line shows
the average standard deviation (6.2613 and 6.4129, respectively), positive broken
line orange line shows the average standard deviation (17.6967 and 9.6493,
respectively), and the line with red colour indicates the test fitness (15.0958 and
17.2177, respectively). At generation 40, the algorithm performs better than at
generation 25 when compared against test fitness, standard deviation, maximum
depth, and best probability estimation so far (Figure 6.5). Conversely, at 40
generations the data are clustered around the mean (3.1764 and 9.6493) and at
25 generations, the data are more spread out or evenly distribution at certain

point (6.2614 and 17.6967).
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Figure 6.5. Fitness function for 25 generations (top) and 40 generations (bottom)
using 100 individual population
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The results obtained during the simulation depict that the higher the generational
computation for a set of individual population the more complex the architecture
of the GA algorithm. The experiment was conducted by comparing 25 and 40
generations against mathematical functions represented by different colour lines:
maximum size plotted by thick orange line, best size result so far plotted by a
dotted orange line with an asterisk average size, best result so far introns plotted
by mauve line, best depth results so far plotted by blue line with asterisk, average
depth plotted by blue line, and average tree fill plotted by black line with a dot. At
generation 40, the maximum size complexity is 108 whereas at generation 25 the
maximum size complexity is 96 (Figure 6.6).
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Figure 6.6. The GA structural complexity when tested for 25 generations (top) and
40 generations (bottom) using 100 individual population

The genetic operators used in this simulation performs using the heart diseases
dataset against 25 and 40 generations. Here are the predictions obtained at 40th
generation: the line in blue indicates the probability of crossover (89.2%), line in
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orange shows the probability of mutation (10.8%), dotted blue line shows the
cumulative frequency of crossover (1736), dotted orange line shows the
cumulative frequency of mutation (303), thick green line shows the number of
reproduction (4), line in blue with x shows the number of done crossovers (6), and
line in orange with x shows the number of done mutation (2); which is superior
over the results obtained at 25 generations with 85.4% and 14.5% probability of
crossover and mutation, respectively. This means that between (85-89) %
crossover rate that majority of the offspring are made by crossover (range of [0, 1])
and whereas between (10-14) % shows the probability of how many chromosomes
should be mutated in one generation. The purpose of the mutation is to prevent
the GA from converging to local optima.
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The population diversity shows the total number of the population’s inhabitants.
By choosing the population size and sensitive diversity provided the population
search space is small and thus means that little search space is available and
consequently reach a local optimum (Figure 6.7). While if the population size is
very large, the area of search is increased and the computational load becomes
the higher and therefore, the size of the population must be reasonable.
Comparing 25 and 40 generations, the analysis shows that between age 85-95
there are more clustered data indicating people that were more affected by heart
diseases at generation 40 similarly at generation 25. However, less than 5
generations the population diversity falls from people’s ages ranging 88 to peoples
age diversity between 50-55 years computed by generation 25 with a unique
generation of 98 (bottom figure). Similarly, between 5-10 and less than 5
generation the population diversity falls from population nearly 95 years to ages
between 55-60 years with a unique generation of 92 (top figure).
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Figure 6.7. The genetic operators for 25 generations (top) and 40 generations
(bottom) using 100 individual population
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Conclusion

A detail review has been conducted on genetic algorithm and machine learning
and its applications to healthcare systems including the core concepts of GAs, its
architecture, management evolution of GA enhancement, and evolution of desired
settings. A theoretical and mathematical modelling were also presented in order to
understand its architecture and modularization using GA operators. In this
research work we presented a hybrid architecture and implemented the algorithm
using MATLAB programming language platform. The GPLAB algorithm enable us
to proposed a mode that can provide adequate and precise intuition on heart
diseases (cardiovascular) prediction for various parameters. This paper provides
the following contributions:

e An architecture by combining GA and ML algorithms in order to run the
symbolic regression and eventually compute the GPLAB algorithm. The
architecture includes desired obtained functionality, accuracy and
complexity, pareto front functionality, structural complexity, and GP tree
functionality.

e The test generation with fitness, test fitness, depth, and number of nodes to
determine which generation performance better that the other.

e To determine the structural complexity, computational cost and flexibility
when compared to PSO and ANFIS-algorithms using ANN approaches
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