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Abstract: Diabetes becomes a life threatening non-communicable disease in the world, according to
International Diabetic Federation (IDF) in 2023, an estimated 537 million adults (20-79 years) are
living with diabetes, which is equivalent to 9.3% of the global adult population. This number is
predicted to rise to 643 million by 2030 and 783 million by 2045. Over 3 in 4 adults with diabetes live
in low- and middle-income countries. Diabetes is a persistent metabolic condition marked by
increased levels of glucose in the bloodstream. It is a significant global health concern, affecting
millions of individuals worldwide. It having the symptoms of drowsiness for the whole day if not
properly examined or treated well. It is targeted to spread over the younger age community and the
number is growing in the exponential fashion. Even day to day many advancements have come
from the researcher to diagnose, to find solutions to prevent from newer entry. Authors have taken
a dataset with 57 non diabetic and 20 diabetic patients with the total 28735 micro array gene to
undergone pre-processing process and reduced up to 22960 gene data using Dimensionality
Reduction (DR) such as Detrend Fluctuation Analysis (DFA), Chi square probability density
function (Chi2PDF), Firefly algorithm Cuckoo search were used in this research. Meta heuristic
algorithms like Particle swarm Optimization (PSO) and Harmonic Search (HS) are used for feature
selection. Further seven classification techniques such as Non-Linear Regression (NLR), Linear
Regression (LR), Logistics Regression (LoR), Gaussian Mixture Model (GMM), Bayesian Linear
Discriminant Classifier (BLDC), Softmax Discriminant Classifier (SDC), Support Vector Machine —
Radial Basis Function (SVM-RBF) are using to make a decision, predictive analysis and segregate
the data according to the level of blood glucose as Diabetic Patient (DP) and Non-Diabetic Patient
(NDP).

Keywords: type II diabetes mellitus; machine learning; prediction; dimensionality reduction;
classifiers

1. Introduction

Statistics related to diabetes in worldwide: The global prevalence of diabetes among adults (20-
79 years old) was 10.5% in 2021. Diabetes is more prevalent in low- and middle-income nations
compared to high-income nations. The region with the highest prevalence of diabetes is the Middle
East and North Africa, where 13.9% of adults have diabetes. Mortality: Diabetes was the ninth leading
cause of death worldwide in 2019, with 4.2 million deaths attributed to the disease or its
complications. Diabetes increases the risk of cardiovascular disease, and about 70% of people with
diabetes die from cardiovascular disease. Complications: Diabetes can cause a range of complications,
including neuropathy, retinopathy, nephropathy, and foot ulcers. Around 50% of individuals with
diabetes remain undiagnosed, which means they may not be receiving appropriate treatment to
prevent or manage these complications. Economic burden: The estimated global health expenditure
on diabetes was $760 billion in 2019. Diabetes is a major cause of lost productivity, as it can lead to
disability and premature death. The economic burden of diabetes is expected to rice in the future, as
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more people are diagnosed with the disease. These statistics highlight the growing global burden of
diabetes and the urgent need for effective prevention and management strategies. Causes of the
diabetic in most of the cases might be because of consuming food at irregular intervals, by not doing
any physical activity and so on. A healthy human consumes a normal meal during the day, it
increases the level of blood glucose around 120-140 mg/dL. Then release of insulin for equalize this
increase of glucose level is pancreas primary duty. If it fails to release the sufficient amount of insulin
from pancreas to equate the blood glucose level it called to be diabetic. The reason for insufficient
amount of insulin secretion will be discussed later in challenges section.

India has a high prevalence of diabetes, which is also called as worlds capital in Diabetic.
According to the International Diabetes Federation, in 2021, India had an estimated 87 million adults
aged between 20-79 years with diabetes. This number is projected to increase to 151 million by 2045.
The prevalence of diabetes in India varies across regions, with the southern and northern states
having higher prevalence rates compared to the eastern and north eastern states. The states with the
highest prevalence rates are Kerala, Tamil Nadu, and Punjab. Type 2 diabetes accounts for more than
90% of all cases of diabetes in India. Type 1 diabetes is less common and accounts for less than 10%
of all diabetes cases. The complications of diabetes, such as heart disease, kidney disease, and eye
disease, are also a significant problem in India. The burden of diabetes and its complications is
significant in India and highlights the need for effective prevention and management programs.

In the medical field, classification strategies are broadly used to classify data into different
classes according to some constraints. This is in contrast to using an individual classifier, which may
not be as effective. Diabetes is a chronic illness that affects the body's ability to produce insulin, a
hormone that regulates blood sugar levels [1]. As a result, people with diabetes often have high blood
sugar levels, which can lead to a number of health complications. Certain indications of elevated
blood sugar levels include heightened thirst, heightened appetite, and frequent urination.

1.1. Objectives:

The objective of this research is to develop a classification framework for analysing microarray
gene data obtained from pancreases and accurately identifying individuals as either diabetic or non-
diabetic. This objective will be achieved through the utilization of machine learning algorithms and
metaheuristic algorithms.

Data Pre-processing and Dimensionality Reduction: Pre-process the microarray gene data from
pancreases by handling missing values, normalizing the data, and addressing any data quality issues.
Additionally, apply dimensionality reduction techniques such as DFA, Chi2PDF, Firefly search and
Cuckoo search and it is divided into 2 categories of analyse the data such as classification of data
without feature selection to 7 classifiers as NLR, LR, LoR, GMM, BLDC, SDC and SVM-RBF and then
another category is with feature selection based on metaheuristic algorithm such as PSO and HS.
These are to be enhance the performance of the classification models. These metaheuristic algorithms
will be employed to optimize the selection of features, hyperparameter tuning, or model ensemble
methods to achieve better classification accuracy. Conduct rigorous performance evaluation of the
developed classification models and metaheuristic algorithms using appropriate metrics such as
Accuracy (Acc), Precision (Prec), and Fl-score (F1-S) Comparison with existing state-of-the-art
methods will be performed to assess the effectiveness and superiority of the proposed approach.

Interpretability and Validation: Provide interpretability of the classification models to
understand the most influential genes or features contributing to the identification of diabetic
individuals. Validate the models using cross-validation techniques and assess their generalizability
on unseen datasets to ensure reliable and robust performance. By accomplishing these objectives, the
research aims to contribute to the field of medical diagnosis and provide a reliable and accurate
method for classifying individuals as diabetic or non-diabetic based on microarray gene data from
pancreases. The findings of this research can potentially enhance the understanding of the genetic
factors associated with diabetes and pave the way for personalized treatment strategies and
interventions for individuals at risk.
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1.2. Challenges:

Identifying type II diabetic patients from microarray gene data obtained from the pancreas poses
several challenges that need to be addressed.

Firstly, the high dimensionality of the gene data presents a significant challenge. Microarray
experiments often generate a large number of genes, resulting in a high-dimensional feature space.
This can lead to increased computational complexity and may require dimensionality reduction
techniques to alleviate the curse of dimensionality.

Secondly, selecting informative features from the reduced dataset is crucial for accurate
classification. Identifying the most relevant genes associated with type II diabetes is a non-trivial task,
as the genetic basis of the disease is complex and involves various interactions. Optimization
techniques, such as genetic algorithms or feature selection algorithms, need to be employed to
identify the most discriminative features. Additionally, the heterogeneity of gene expression patterns
within the pancreas and individual variations in gene regulation further complicate the classification
task. The identification of robust and reliable classifiers that can effectively capture the subtle patterns
in the data while generalizing well to unseen samples is another significant challenge.

1.3. Opportunities:

Early Detection and Intervention: The identification of non-diabetic individuals who are at a
higher risk of developing type II diabetes can lead to early detection and intervention. By monitoring
their gene expression patterns, lifestyle factors, and other relevant indicators, healthcare
professionals can proactively provide personalized guidance, lifestyle modifications, and preventive
measures to delay or even prevent the onset of diabetes. This can significantly improve the overall
health outcomes and quality of life for at-risk individuals.

Personalized Treatment and Precision Medicine: Once individuals are accurately classified as
diabetic or non-diabetic based on their gene expression profiles, the information can be used to
develop personalized treatment strategies. This includes tailoring medication regimens, dietary
recommendations, and exercise plans specific to the genetic profiles of diabetic patients. Moreover,
this data can contribute to the emerging field of precision medicine, facilitating the development of
targeted therapies that address the specific molecular mechanisms and pathways associated with
type II diabetes.

Drug Development and Evaluation: The gene expression patterns obtained from the microarray
data can provide valuable insights into the underlying biological processes involved in type II
diabetes. This information can be utilized to identify potential drug targets and guide the
development of novel therapeutic interventions. Additionally, the classified diabetic and non-
diabetic groups can be leveraged to evaluate the effectiveness and safety of existing anti-diabetic
drugs. This research can help identify subpopulations that may benefit more from specific
medications, optimize dosage regimens, and enable the discovery of new treatment options.

2. Background

According to WHO [2], In India, 77 million people are living with type II diabetes, and 25 million
are at high risk of developing it. Many people with diabetes are unaware of the severity of the
condition, which can lead to serious complications such as nerve damage, reduced blood flow, and
limb amputation. Shaw JE, Sicree RA, Zimmet PZ et al., [3] gave statistical data about the projection
in the diabetic like, the global prevalence of diabetes is projected to increase from 6.4% in 2010 to 7.7%
in 2030, affecting an estimated 439 million adults. This represents a significant increase in the number
of people with diabetes, particularly in developing countries. Mohan V and Pradeepa R et al.,[4]
proposed the prevalence of type 2 diabetes in India is increasing rapidly, and the country is expected
to have the largest number of people with diabetes in the world by 2045. The high prevalence of
diabetes in India is due to a combination of genetic, lifestyle, and demographic factors. The
complications of type 2 diabetes, such as diabetic retinopathy, neuropathy, and cardiovascular
disease, are a significant burden in India. There is a need for effective prevention and management
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strategies to address this issue. S. A. Abdulkareem et al.[5] shared the experience by doing a
comparative analysis of three soft computing techniques to predict diabetes risk: fuzzy analytical
hierarchy processes (FAHP), support vector machine (SVM), and artificial neural networks (ANNSs).
The analysis involved 520 participants using a publicly available dataset, and the results show that
these computational intelligence methods can reliably and effectively predict diabetes. The results
indicate that the FAHP model is a highly effective method for diagnosing medical conditions that
rely on multiple criteria, especially when the relative importance of each criterion is not clearly
defined. The reported sensitivity values are 0.7312, 0.747, and 0.8793 for the FAHP, ANN, and SVM
models, respectively.

Guillermo E. Umpierrez et al., [6] concluded the utilization of Continuous subcutaneous insulin
infusion (CSII) and continuous glucose monitoring (CGM) systems are increasingly being used to
manage diabetes in ambulatory patients. These technologies have been shown to improve glycemic
control and reduce the risk of hypoglycemia. As the use of these devices increases, it is likely that
more hospitalized patients will be using them. Health institutions should establish clear policies and
protocols to allow patients to continue using their pumps and sensors safely. Randomized controlled
trials are needed to determine whether CSII and CGM systems in hospitals lead to better clinical
outcomes than intermittent monitoring and conventional insulin treatment. Aiswarya Mujumdar et
al., [7] gave a study used various machine learning algorithms to predict diabetes. Logistic regression
achieved the highest accuracy of 96%, followed by AdaBoost classifier with 98.8% accuracy.

K. Bhaskaran et al., [8] published in the journal Diabetes Care in 2016 found that a machine
learning algorithm based on logistic regression was able to predict diabetes with an accuracy of 85%.
A study published in the journal Nature Medicine in 2017 found that a machine learning algorithm
based on decision trees was able to detect diabetes with an accuracy of 90%. A study published in the
journal JAMA in 2018 found that a machine learning algorithm based on support vector machines
was able to predict diabetes with an accuracy of 80%. Olta Llaha et al., [9] used the four classification
methods mentioned above to classify data from a dataset of women with diabetes. The results of the
study showed that the decision tree algorithm was the most accurate, with an accuracy of 79%. The
Naive Bayes algorithm was the least accurate, with an accuracy of 65%. The SVM and logistic
regression algorithms had accuracies of 73% and 74%, respectively. The authors of the article
concluded that the decision tree algorithm is a promising tool for predicting diabetes. They also noted
that the other three classification methods were also effective, but that the decision tree algorithm
was slightly more accurate. The results of the study are promising, but it is important to note that the
study was conducted on a dataset of women with diabetes. B. Shamreen Ahamed et al., [10] analysis
the different classifiers were used in the study: The classification models utilized in the study
encompassed Random Forest, Light Gradient Boosting Machine (LGBM), Gradient Boosting
Machine, Support Vector Machine (SVM), Decision Tree, and XGBoost. The primary objective of the
research was to enhance accuracy, with the LGBM Classifier achieving a notable 95.20% accuracy.
Among the classifiers examined, the decision tree exhibited the highest accuracy of 73.82% without
preprocessing. However, after preprocessing, the KNN classifier with k=1 and Random Forest
achieved a perfect accuracy rate of 100%.

Neha Prerna Tigga et al., [11] explained six machine learning classification methods which
includes, Logistic regression, Naive Bayes, Decision tree, Support vector machine, Random Forest,
K-nearest neighbors were implemented to predict the risk of type 2 diabetes. Random forest had the
highest accuracy of 94.10%. The parameters with the highest significance for predicting diabetes were
age, family history of diabetes, physical activity, regular medication, and gestation diabetes.
Maniruzzaman, Md, et al., [12] concluded in this study, a Gaussian process (GP)-based classification
technique was used to predict diabetes. Compared the performance of four machine learning
methods on a classification task. The methods are Gaussian Process (GP), Linear Discriminant
Analysis (LDA), Quadratic Discriminant Analysis (QDA), and Naive Bayes (NB). The table shows
that GP had the highest accuracy (81.97%), followed by LDA (75.39%), QDA (74.38%), and NB
(73.17%). GP also had the highest sensitivity (91.79%) and positive predictive value (84.91%), while
NB had the highest specificity (58.33%) and negative predictive value (51.43%).an accuracy of 81.97%,
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sensitivity of 91.79%, specificity of 63.33%, positive predictive value of 84.91%, and negative
predictive value of 62.50%. These results were compared to other classification techniques, such as
linear discriminant analysis (LDA), quadratic discriminant analysis (QDA), and Naive Bayes (NB).
The GP model outperformed all other methods in terms of accuracy and sensitivity. Gupta, Sanjay
Kumar, et al., [13] produced a result of study in India found that the Indian Diabetes Risk Score
(IDRS) was 64% effective in identifying people with high risk of developing diabetes. The IDRS is a
simple, cost-effective tool that can be used to screen large populations for diabetes. The study found
that the IDRS was more effective in identifying people with high BMI (body mass index). People with
a BMI of more than 30 were 6 times more likely to have a high IDRS than people with a BMI of less
than 18.5. The study also found that the IDRS was more effective in identifying people with a family
history of diabetes. People with a family history of diabetes were 3 times more likely to have a high
IDRS than people without a family history of diabetes.

Howlader, Koushik Chandra, et al., [14] conducted a research study conducted on the Pima
Indians, machine learning techniques were employed to identify significant features associated with
Type 2 Diabetes (T2D). The top-performing classifiers included Generalized Boosted Regression
modeling, Sparse Distance Weighted Discrimination, Generalized Additive Model using LOESS, and
Boosted Generalized Additive Models. Among the identified features, glucose levels, body mass
index, diabetes pedigree function, and age were found to be the most influential. The study revealed
that Generalized Boosted Regression modeling achieved the highest accuracy of 90.91%, followed by
impressive results in kappa statistics (78.77%) and specificity (85.19%). Sparse Distance Weighted
Discrimination, Generalized Additive Model using LOESS, and Boosted Generalized Additive
Models showcased exceptional sensitivity (100%), the highest area under the receiver operating
characteristic curve (AUROC) of 95.26%, and the lowest logarithmic loss of 30.98%, respectively.
Sisodia, Deepti et al., [15] did a study compared the performance of three machine learning
algorithms for detecting diabetes: decision tree, support vector machine (SVM), and naive Bayes. The
study used the Pima Indians Diabetes Database (PIDD) and evaluated the algorithms on various
measures, including accuracy, precision, F-measure, and recall. The study found that naive Bayes
had the highest accuracy (76.30%), followed by decision tree (74.67%) and SVM (72.00%). The results
were verified using receiver operating characteristic (ROC) curves. The study's findings suggest that
naive Bayes is a promising algorithm for detecting diabetes. Mathur, Prashant et al., [16] gave a study
about Indian diabetic scenario, In India, 9.3% of adults have diabetes, and 24.5% have impaired
fasting blood glucose. Of those with diabetes, only 45.8% are aware of their condition, 36.1% are on
treatment, and 15.7% have it under control. This is lower than the awareness, treatment, and control
rates in other countries. For example, in the United States, 75% of adults with diabetes are aware of
their condition, 64% are on treatment, and 54% have it under control. Kazerouni, Faranak, et al., [17]
explained the performance evaluation of various algorithms, the AUC, sensitivity, and specificity
were considered, and the ROC curves were plotted. The KNN algorithm had a mean AUC of 91%
with a standard deviation of 0.09, while the mean sensitivity and specificity were 96% and 85%,
respectively. The SVM algorithm achieved a mean AUC of 95% with a standard deviation of 0.05
after stratified 10-fold cross-validation, along with a mean sensitivity and specificity of 95% and 86%.
The ANN algorithm yielded a mean AUC of 93% with an SD of 0.03, and the mean sensitivity (Sens)
and specificity (Spef) were 78% and 85%. Lastly, the logistic regression algorithm exhibited a mean
AUC of 95% with an SD of 0.05, and the mean sensitivity and specificity were 92% and 85%.
Comparative analysis of the ROC curves indicated that both Logistic Regression and SVM
outperformed the other algorithms in terms of the area under the curve.


https://doi.org/10.20944/preprints202306.1038.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 14 June 2023 d0i:10.20944/preprints202306.1038.v1

Diabetes Microdata dataset

l

Dimensionality Reduction

l

v v ¥ ¥

Detrend Flucltuatron Chi Square pdf Firefly Search Cuckoo Search
Analysis

r - . - N 7 1. Nenlinear Regression
Classification without | SR
feature selection © e g
) 3. Logistic regression
4. Gaussian Mixture Model
5. Bayesian Linear Discriminant Classifi

Particle Swarm

Optimizati
p . . stptbtiie ) 6. Softmax Discriminant Classifier
Classification with feature ! ) 7. SVM - REF
selection [ ] & :
Harmonic Search ‘
[ Normal J [ Diabetic ]

Figure 1. Illustration of the work.

2.1. Role of Micro Array Gene

Microarray gene expression analysis plays a crucial role in understanding the molecular
mechanisms and identifying gene expression patterns associated with various diseases, including
diabetes. Here are some ways in which microarray gene expression analysis contributes to our
understanding of diabetes: Identification of differentially expressed genes: Microarray analysis
allows researchers to compare gene expression levels between healthy individuals and those with
diabetes. By identifying differentially expressed genes, which are genes that show significant changes
in expression between the two groups, researchers can gain insights into the molecular basis of
diabetes. These genes may be directly involved in disease development, progression, or
complications.

Uncovering disease subtypes and biomarkers: Microarray analysis can help identify distinct
subtypes or phenotypes within a specific disease, such as different types of diabetes. By examining
gene expression patterns across different patient groups, researchers can identify unique gene
expression signatures associated with different disease subtypes. These subtype-specific gene
expression patterns can potentially serve as diagnostic or prognostic biomarkers, enabling
personalized treatment approaches. Pathway and functional analysis: Microarray gene expression
data can be subjected to pathway and functional analysis to understand the biological processes and
molecular pathways that are dysregulated in diabetes. By identifying the specific pathways and
networks of genes involved, researchers can uncover the underlying mechanisms contributing to
disease development and progression. Drug discovery and therapeutic targets: Microarray analysis
can aid in the discovery of potential drug targets and therapeutic strategies for diabetes. By
identifying genes that are dysregulated in the disease, researchers can pinpoint specific molecular
targets that can be modulated with drugs or other interventions to restore normal gene expression
patterns and mitigate the disease effects.

Personalized medicine and treatment response: Microarray analysis may help in predicting
individual responses to certain treatments or interventions. By examining gene expression profiles in
response to different therapies, researchers can identify molecular signatures that can guide
personalized treatment decisions, leading to more targeted and effective interventions for individuals
with diabetes.


https://doi.org/10.20944/preprints202306.1038.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 14 June 2023 d0i:10.20944/preprints202306.1038.v1

Microarray genes play a significant role in the development and progression of diabetes.
Microarrays are a type of gene expression profiling technology that can be used to measure the
expression of thousands of genes simultaneously. This information can be used to identify genes that
are differentially expressed in different conditions, such as disease states or in response to treatment.

In diabetes, microarrays have been used to identify genes that are involved in the following:

Insulin resistance: Insulin resistance is a condition in which the body's cells do not respond
normally to insulin. This can lead to high blood sugar levels. Microarrays have been used to identify
genes that are involved in insulin resistance.

Beta-cell dysfunction: Beta cells are the cells in the pancreas that produce insulin. In diabetes,
beta cells can become damaged or destroyed. This can lead to a decrease in insulin production and
an increase in blood sugar levels. Microarrays have been used to identify genes that are involved in
beta-cell dysfunction.

Complications of diabetes: Diabetes can lead to a number of complications, including heart
disease, stroke, kidney disease, blindness, and amputation. Microarrays have been used to identify
genes that are involved in the development of these complications.

The information that is obtained from microarray studies can be used to develop new treatments
for diabetes and its complications. For example, microarray studies have identified genes that are
involved in insulin resistance and beta-cell dysfunction. This is used to develop new drugs that target
these genes and improve the way that diabetes may be treated.

2.2. Organization of the paper

The research article is organized into seven chapters. Chapter 1 introduces the study and its
objectives. Chapter 2 provides a background and literature review on diabetic and non-diabetic
classes. Chapter 3 describes the dataset used, including the number of non-diabetic and diabetic
classes. Chapter 4 explains the methods used to reduce the complexity of the dataset. Chapter 5
discusses the process of selecting relevant features using metaheuristic algorithms. Chapter 6 focuses
on the classification stage, including the types of classifiers used and the evaluation metrics. Chapter
7 presents the results and provides a discussion on the findings. This organization ensures a clear
and logical progression of the research, making it easier for readers to understand the study's
structure and contributions.

3. Materials and Methods

Microarray gene data are readily available at many search engines, For the concern of pancreatic
“Expression data from human pancreatic islets” were taken from Nordic islet transplantation
programme for which these islets from cadaver donor of 57 Non-diabetic and 20 Diabetic of total
28735 gene data set arrived. (https://www.ncbi.nlm.nih.gov/bioproject/PRINA178122).
Preprocessing of data was performed for only 22960 genes per patients having the peak intensity
with average valve were selected among the total samples. The logarithmic transformation was
applied with a base 10 for standardized of individual samples with a value of 0 for mean and variance
of 1.

3.1. Data set

Biological functions to detect the diabetic and its features of its secondary criteria in probability
functions based on P values, a false positive error for selection of significant genes has also to be
detected. The data available in many portals for human gene consists 28735 genes with 50 non-
diabetic and 20 diabetic samples are considered for greatest minimal intensity across 70 samples.
During dimensionality, reduction of both model and heuristic based, of diabetic and non-diabetic
grouping as [2870*20] and [2870*50]. Further, it has been enhanced with feature selection based on 2
techniques named as Particle Swarm Optimization search and Harmonic Search, even more it was
reduced by 287*20 and 287*50 with classifier techniques.
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3.2. Need for Dimensionality Reduction

The need for dimensionality reduction techniques in the analysis of microarray gene data for
type Il diabetic class is crucial. Microarray experiments often generate a vast amount of gene
expression data, resulting in a high-dimensional feature space. However, not all genes contribute
equally to the classification task, and the presence of noise and irrelevant features can hinder the
accuracy and interpretability of the results. Dimensionality reduction methods play a pivotal role in
addressing these challenges by extracting the most informative features that are relevant to type II
diabetes classification. These techniques aim to reduce the dimensionality of the data while
preserving the discriminatory information, enabling efficient computation and improved
performance of subsequent classification algorithms. By eliminating redundant and irrelevant
features, dimensionality reduction can enhance the interpretability of the results, facilitate biological
insights, and enable the identification of key genes and molecular pathways associated with type II
diabetes. Overall, incorporating dimensionality reduction techniques into the analysis pipeline is
essential for obtaining reliable and meaningful results from microarray gene data in type II diabetic
class.

4. Dimensionality Reduction

The technique used to reduce the dimension of the matrix in the data set, first level of
classification to be followed with the help of DFA, Chi2PDF, Firefly algorithm and Cuckoo search

4.1. Detrend Fluctuation Analysis (DFA)

To inspect the stationary and non-stationary functions of correlation, the short range and long-
range relationship has used in DFA by Berthouze L et al, [18]. For typical application, the scaling of
DFA is exponent to segregate the input data as rational and irrational. To estimate the functions of
output class data it is useful to find the healthy and unhealthy objects as discriminate using DFA.

The algorithm is determined by the root mean square fluctuation of natural scaling and
integrated time-series of input data in detrend.

Am) = TLIXO ~X] M

Here X(i) is denoted as it sample of input data

Xis specified as overall signal of mean value.

A(n) is indicated as estimated value in integrated time series.

Fi) = G0 = bu(0)]) (2)

Where bn(k) is predetermined window of scale n for a trend of kth point.

4.2. Chi Square Probability Density Function:

Among all the statics methods, a bit different approach of Chi square statistics methods
Siswantining et al [19]. is the same according to fit test and the test of independence. Sample obtained
from the data and it looks as referred as number of cases. It is to be represented as data is segregated
in every incidence of occurrence in each group. In this statistics method of chi square, if the
hypothesis is accurate, the expected number of cases in each category makes a statement of null
hypothesis. The test based on the ratio of experimental data to the predicted values in each group. It
is defined as,

Ei—PiZ
X = Zi—( P, ) (3)

Where, E_i refers to experimental data of cases in category i, and P_i refers to number of
predicted values in category i, to compute the Chi square function is attained, the difference between
the experimental data cases to the predicted value cases is calculated. Then the difference must be
squared the values and get divided by the predicted value. Such that all the values in this category
to be summed up for entire distribution curve to get the chi square statistics. For knowing the null
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hypothesis is a major concern, it depends on the data distribution. In Chi square, the alternative and
null hypothesis is defined below,
Ho=Ei-Pi (4)
Ho=E#Di 5)
If Ei — Pi is small for each type, then the expected value and predicted values are very close to
each other, then the null hypothesis is real. When the expected data is not associate with predicted
value of null hypothesis, then large difference is appeared between Ei — Pi. For real values of null
hypothesis, small value of chi square statistics is arrived, if the value is false for null hypothesis the
large value will attain. The degree of freedom is depending upon the variables of categories utilized
to calculate the chi-square. In order to locate the required data, it is distributed according to the
previously described distribution and the researcher asserts the use of chi-square statistics. By
employing the chi-square distribution class, the researcher can conveniently access the chi-square
distribution values. It is crucial for developers to take note of the degree of freedom as the sole
parameter requiring optimization.

4.3. Firefly algorithm As Dimensionality Reduction

Yang, Xin-She (2010) [20] and Yang (2013) [21] was proposed a reliable metaheuristic model for
real-life problem-solving techniques like scheduling of the events, classification of the system,
dynamic problem optimization and economic load dispatch problems. The Fireflies algorithm works
characteristic behaviour of the idealized flashing light of the firefly to attract the another one,

Three rules have identified in the firefly algorithm:

An attraction made to another fly regardless of the sex because of every fly was considered as
unisex

“Opposite poles attract” like this the attractiveness is depends on the brighter side of one of the
firefly is to another one which is slightly less bright. If none of the fly is getting brighter, it moves
randomly in the surface.

If distance is increases, the brightness or light intensity of a firefly may decrease because the
medium of air absorbs light in-between and thus the brightness of a firefly k which is seem by another
fly firefly is given by:

Bi(r) = B-(0)e~r? (6)

Where _k (0) represents the firefly (k) brightness at zero level, In the euclidean distance (if r=0),
Light adsorption coefficient of the medium is represented by «, and Euclidean distance between i

and k is denoted by r as
=0l x;— x Il = / j-izl(xl.j —x])? (7)

Where x_i and x_k are the firefly position of i and krespectively. If the brighter firefly is j, the its
degree of attractiveness directs the movement of fly i, in which it is based on (Yang & He 2013)

x; = x; + [Be(M]Ctx — x) + v (rnd) ®)

Where y refers to the random parameter and in general it was represented as, rnd and it was
expended as random number generator using uniform distribution where lies between the ranges of
[-1, +1]. In-between representation in this equation contains the accountability of movement of firefly
i towards firefly k. The last term in this above equation gives the movement of solution away from
the optimum value in local when such as incident occurs.

4.4. Cuckoo Search algorithm as Dimensionality Reduction

Yang, X. S and Deb, S (2009) [22] proposed another metaheuristic model to give the finite
solutions which is used for solving real- world problems such as Event scheduling, dynamic problem
optimization, classifications and problems in economic load dispatch. Exciting breeding behaviours

do0i:10.20944/preprints202306.1038.v1
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is the main objective of learning this algorithm and it’s particularly concentrates on the oblige brood
parasitism of certain cuckoo birds. The characteristics of cuckoo species model based on the cuckoo
search algorithm, which is exactly dumping the eggs in the inner portion of their nest of others birds
and afterward it makes the host bird to cultivate their own hatchlings. Some exceptional cases also
witnessed in this process have directly conflict with the intruded cuckoos. Main idealized thing in
the cuckoo search algorithm is breeding characteristics and applicable for many real time
optimization problems.

A simple solution obtained from each egg in a host nest, with continuation a new solution
derived from own egg in cuckoo birds. The main aims to get the better solution (Cuckoos) to be
replaced with the less best fit. Each egg has one solution, wherein as each nest has its multiple egg by
finding the best one to signifies a set of solutions.

Three rules (Xin-She Yang & Suash Deb 2009) for Cuckoo search algorithm depends on:

1. Cuckoo lays an egg at a time, and it kept inside a arbitrarily selected shell.
To create a consecutive generation, the best host shell with good quality egg to transfer its own
3. Fixed no of hosts nest is accessible, indeed cuckoo place an egg in a nest indeed with a
probability of P_(a ) € (0,1) ; where P_a Cuckoo egg probability. To construct a new nest in
additional location, the host one can demolish the cuckoo egg’s away or it will be removing the
nest.

Moreover, yang and deb predicted an appropriate result for searching techniques is based on
random-walk (RW) and its performance is better than Lévy flights than RW. The conventional
method is modified for the proposed method using classification techniques.

Lévy flights denotes the RM characteristics of birds position and its performance is to obtain the
following position P_i*((t+1)) based on the present position P_i*((t)) mentioned in the article by
Gandomi et al. (2013) [23]

Pi(t+1) — Pi(t) <) ‘BLévy()\) (9)

Where € and [ represents the starting point multiplication and step size. Commonly, 3>0,
is interrelated to the depth of variation and its interest of problem consideration. For almost the
classification problems, randomly fixed the values as 1. The above equation is based on the RW on
stochastic model. To find out the following position is depending on present position and transition
probability for RM which denotes on Markov chain. Gandomi et al. (2013) [23] discussed about the
calculation of random length step and its comparison with the RM based on Lévy flight.

Lévy ~pu= tF (10)

In the classification problem for fixing the value of {3 is tuned to 0.2, which denoted the infinite
variance with infinite mean. Power law-based step length distribution approach by using a heavy tail
for RW to principally followed cuckoo’s consecutive step. To speed up the classification process, the
best solution is arrived using Lévy walk.

4.1. Statistical Analysis

The dimensionally reduced Micro array genes through four DR methods are analysed by the
statistical parameters like mean, variance, skewness, kurtosis, Pearson correlation coefficient (PCC),
and CCA to identify whether the outcomes are representing the underlying micro array genes
properties in the reduced subspace. Table 2 shows the statistical features analysis for four types of
Dimensionally Reduced Diabetic and Non-Diabetic Pancreas micro array genes. As shown in the
Table 2 that in the DFA and Cuckoo search-based DR methods depicts higher values of mean, and
variance among the classes. As in the Chi2 pdf and Firefly Algorithm display low and overlapping
values of mean and variance among the classes. The negative skewness depicted only by the Chi2
pdf DR method which indicates the presence of skewed components embedded in the classes. Firefly
algorithm indicates unusual flat kurtosis and Cuckoo Search DR method indicates negative kurtosis.
This in turn leads to the observance that the DR methods are not modifying the underlying Micro
array genes characteristics. PCC values indicate the high correlation with in the class of attained
outputs. This subsequently exhibits that the statistical parameters are associated with non-Gaussian
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and non-linear one. The same is further examined by the histogram, Normal probability plots and
Scatter plots of DR techniques outputs. Canonical correlation Analysis (CCA) visualizes the
correlation of DR methods outcomes among the Diabetic and non-Diabetic cases. The low CCA value
in the Table 1 indicates that the DR outcomes are less correlated among the two classes.

Table 1. Description of Pancreas Micro Array Gene Data set for Diabetic and Non-Diabetic Classes.

Class 1 Class 2
Data Set No of Genes Diabetes  Non - Diabetic Total
Pancreas 28735 20 50 70

Table 2. Statistical Analysis for Different Dimensionality Reduction Techniques.

Firefly Cuckoo
Statistical DFA Chi2 pdf
Algorithm Search
Parameters
DP NDP DP NDP DP NDP DP NDP
Mean 1.6302 1.6301 0.0690 0.0691 1.0278 0.1260 8.7158 12.6033
Variance 0.1614 0.1665 0.0007 0.0008 0.0004 1.45 E-09 48.4751 71.7672
Skewness 0.2319 0.2758 -0.2771 -0.3228 1.6527 4.0298 0.6087 0.2692
Kurtosis 0.2706 0.1600 0.0301 0.0096 3.1033 78.3911 -1.1233 -1.3759
Pearson CC 0.9516 0.9598 0.9781 0.9814 0.8803 0.5006 0.7048 0.6859
CCA 0.05914 0.06411 0.04785 0.05107

Figure 2 shows the Histogram of Detrend Fluctuation Analysis (DFA) Techniques in Diabetic
Gene Class. It is noted in the Figure 2 that the histogram displays near quasi-Gaussian and presence
of non-linearity in the DR method outputs
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Histogram for DFA DR Techniques in Diabetic Gene Class

Figure 2. Histogram of Detrend Fluctuation Analysis (DFA) Techniques in Diabetic Gene Class.

Figure 3 displays the Histogram of Detrend Fluctuation Analysis (DFA) Techniques in non-
Diabetic Gene Class. It is observed from the Figure 3 that the histogram displays near Gaussian and
presence of non-linearity and gaps by the DR method outputs.
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Figure 3. Histogram of Detrend Fluctuation Analysis (DFA) Techniques in Normal Gene Class.

Figure 4 exhibits the normal Probability plot for Chi Square DR Techniques Features for Diabetic
Gene Class. As indicated from the Figure 4 that the normal probability plot displays the total cluster
of Chi Square DR outputs and also the presence of non-linearly correlated variables among the
classes.

Normal Probability Plot
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Figure 4. Normal Probability plot for Chi Square DR Techniques Features for Diabetic Gene Class.

Figure 5 depicts the normal Probability plot for Chi Square DR Techniques Features for non-
Diabetic Gene Class. As shown from the Figure 5 that the normal probability plot displays the total
cluster of Chi Square DR outputs and also the presence of non-linearly correlated variables among
the classes. This is due to low variance and negatively skewed variables of the DR method outcomes.
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Figure 5. Normal Probability plot for Chi Square DR Techniques Features for Non-Diabetic Gene
Class.

Figure 6 indicates the normal Probability plot for Firefly Algorithm DR Techniques Features for
Diabetic Gene Class. As mentioned by the Figure 6 that the normal probability plots display the
discrete clusters for firefly DR outputs. This indicates the presence of non-Gaussian and non-linearly
variables within the classes. This is due to low variance and flat Kurtosis variables of the DR method

outcomes.
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Figure 6. Normal Probability plot for Firefly Algorithm DR Techniques Features for Diabetic Gene
Class.

Figure 7 demonstrates the normal Probability plot for Firefly Algorithm DR Techniques Features
for non-Diabetic Gene Class. As mentioned by the Figure 7 that the normal probability plots display
the discrete clusters for firefly DR outputs. This indicates the presence of non-Gaussian and non-
linear variables within the classes. This is due to low variance and flat Kurtosis variables of the DR

method outcomes.
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Figure 7. Normal Probability plot for Firefly Algorithm DR Techniques Features for Non-Diabetic
Gene Class.

Figure 8 shows the Scatter plot for cuckoo search Algorithm DR Techniques Features for Diabetic
and non-Diabetic Gene Class. As depicted by the Figure 8 that the scatter plots from Cuckoo search
displays the total scattering of the variables of the both classes across the entire subspace. The scatter
plot also indicates the presence of non-Gaussian, non-linear and higher values of all statistical
parameters. Furthermore, the firefly and Cuckoo search algorithms will heavy computational cost on
the classifier design in order to reduce the burden of the classifiers feature selection process utilizing
Particle Swarm Optimization (PSO) and Harmonic search methods are initiated.

® Diabetic
® Non Diabetic

Cuckoo Search DR features for Non-Diabetic Gene Class

0 s 10 15 T2 25
Cuckoo Search DR features for Diabetic Gene Class

Figure 8. Scatter plot for Cuckoo search DR Technique with Diabetic and Non-Diabetic Gene classes.

5. Feature selection

In the field of optimization, finding the optimal solution for complex problems is a significant
challenge. Traditional optimization algorithms often struggle to handle high-dimensional search
spaces or non-linear relationships between variables. To address these challenges, authors have
identified two such popular metaheuristic algorithms among many, one is about the inspiration from
natural and another one is from abstract concepts. Those two are Particle Swarm Optimization (PSO)
and Harmonic Search (HS).
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5.1. Particle Swarm Optimization (PSO)

Particle Swarm Optimization (PSO), Rajaguru H, et al., [24], one of the best and simple
understanding among all search algorithm. It used some basic parameters for initial search and
population called particles. In a h-dimensional space, the any of the particle will give best possible
solution for processed and analysed. Every particle is need to be traced and positioned for the
optimized values to achieve.

Position traced by:Pj" = (Pj’{, Pﬁ' ., PJ’;l)

Velocity traced by: Ve]-" = (Ve]’-‘l,Ve]-’E,..,Ve]-’§1
The updated velocity of each particle is given by
Vef*! = w;Vel + c;ri(pbest; — P ) + c,r, (gbest; — Pf) (11)
Where rjand r, are the random variable search in the ranges from 0 to 1. c;and c, are the
acceleration coefficient that check the movement (motion) of the particles.
Pl = pk 4 yekt! (12)
Once a particle achieves its best position, it advances to the subsequent particle. The best position
is denoted as "p-best" to represent the individual particle's optimal state, while "g-best" represents
the best position among all particles,
The weight function is represented as

_ Wmax = Wmin
Wj = Wpax — T X k (13)

Steps for implementation:

Stepl: Initialization for the process

Step2: For each particle the dimension a space is denoted as h

Step 3: Initialization the particle position as p; and velocity as Ve;

Step 4: Evaluate the fitness function

Step 5: Initialize the pbest; with a copy of p;

Step 6: Initialize the gbest; with a copy of p; with the best fitness function
Step 7: Repeat the steps until stopping criteria is satisfied

Stopping criteria:

pbest; = pf*!if (pbest;) < f(PF*T) (14)

p]"‘H if (gbest;) < f(ij”) (15)

gbest;

5.2. Harmonic Search (HS)

Harmony search (HS) is a metaheuristic algorithm that draws inspiration from the evolution of
music and the quest for achieving perfect harmony. Bharanidharan, N et al., [25] introduced HS as
an algorithm that emulates the improvisational techniques employed by musicians. The HS
algorithm involves a series of steps to be implemented,

Step 1: Initialization

The optimization problem is generally formulated as minimizing or maximizing the objective
function f(x), subject to yi € Y, wherei=1, 2, ..., N. In this formulation, y represents the set of decision
variables, N denotes the number of decision variables, and Y represents the set of all possible values
for each decision variable (i.e., yiLo < yi <yiUp, where yiLo and yiUp are the lower and upper bounds
for each decision variable). Along with defining the problem, the subsequent step involves
initializing the following parameters for the Harmonic Search (HS) algorithm.

Step 2: Memory Initialization

The Harmony Memory (HM) refers to a matrix that holds the collection of decision variables. In
the context of the overall optimization problem, the initial HM is established by generating random
values for each decision variable from a uniform distribution, which is confined within the bounds
of yiLo and yiUp.

Step 3: New Harmony Development
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During the process of solution improvisation, a new harmony is created by adhering to the
following constraints:

e  Memory consideration
e  Pitch adjustment
¢ Random selection

Step 4: Harmony memory updation:

Compute the fitness function for both the previous and updated harmony vectors. If the fitness
function of the new harmony vector is found to be lower than that of the old harmony vector,
substitute the old harmony vector with the new one. Otherwise, retain the old harmony vector.

Step 5: Stopping criteria

Continue repeating Steps 3 and 4 until the maximum number of iterations is reached.

The effectiveness of the feature selection methods outputs is analysed through the significant of
the p-value from t-test. Table 3 shows the p-value significant for the PSO and Harmonic Search
feature selection methods outputs after four DR techniques. As tabulated in the Table 3 that the PSO
Feature selection method not showing any significant p-values among the classes for the all four DR
methods. As in the case of Harmonic Search Feature selection shows certain p-value significance for
DFA and Firefly DR Techniques for the Diabetic class. At the same time all other DR methods exhibits
non-significant p-values. This p-value will be measure to quantify the presence of outliers, non-
linear and non-Gaussian variables among the classes after feature selection methods.

Table 3. P-Value significant for Feature Selection method from t-test for different DR Techniques.

DR Firefl
Feature . DFA Chi Square pdf 1re' y Cuckoo Search
selection Techniques Algorithm
Class DP NDP DP NDP DP NDP DP NDP
PSO P<x(/)a(l)151e 0.415 0.1906  0.3877 0.16074 0.38059 0.2435 0.4740 0.48824
Harmonic P value 0.0004 04290 03836 043655  0.00031 0469 03488 0.3979
Search <0.05

6. Classification Techniques

There are seven classification models used after dimensionality reduction 1. Non-linear
regression, 2. Linear regression and 3. Logistic regression. 4. Gaussian Mixture Model 5. Bayesian
Linear Discriminant classifier 6. Softmax Discriminant Classifier 7. Support Vector Machine — Radial
Basis Function

6.1. Non-Linear regression:

The behaviour of the system, which denotes as mathematical expression for easy representation
and analysis to get the accurate best-fit line in-between the classifier values. In this case author uses
the mathematical way for the linear system of the variables like (a, b) for the equation in a linear
mode, y=ax+b, but in case of non-linear, the values of variable a and b are nonlinear and random
variable respectively. To get the least some of the squares is one of the primary objectives of non-
linear regression. The values it measures from the dataset mean to be observed as number of samples
it acquired. The difference between the mean and all the dataset point is to calculate using computing
techniques for dataset mean value. Then take the difference values and squared each value and at
last, it is added together for all the squared values. If the function gets better-fit values in the point of
data set, it means the minimum value of sum of square values is obtained. Non-linear model requires
more attention than linear model because of its complexity nature and researchers found many
methods to reduce its complexity as levenberg-Marquard and Gauss-Newton Methods. The
estimation parameters can be done for non-linear systems by using least square methods. To reduce
the residual sum of squares the equation must be used for non-linear parameters. Taylor series,
steepest descent method and Levenberg-Marquardt’'s method, Zhang et al., [26] can be used for non-
linear equation in an iterative manner. For estimating the non-linear least square method the
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Levenberg-Marquardt’s techniques is widely used. It is having more advantages over other methods
by giving best features and converges their results in a good way in an iterative process.
Authors assume a model

z; = f(x;,0) + €, where i =1,2,3,..,n (16)
Here, x; and z;are the independent and dependent variables of the ith iteration.
0 = (64,6,,..,0,) are the parameters and ¢; are the error terms that follows N (0, c?).
The residual sum of squares is given by,

5u(0) = Xilz — f(x, O 17)
Let 6 = 0k, 05, ..., Opi are the starting values and the successive estimates are obtained using,
(H+ (6 — 6) =g (18)

’Su(6)

Where, g = % 0=26, and H =

5000~ | @ = 01,7 is a multiplier and I is the identity

matrix.

From previous experiment, the estimated parameter can be identified by the choice of initial
parameter and theoretical consideration for all other similar systems. By using Mean Square Error
(MSE), the statistic method involved to approximate the goodness of fit model is described by,

Mean Square Error (MSE) = %Zé\ﬁzl)(yi — yi? (19)

Overall experimental values in the model are represented by N, and the classification of the
normal patient samples and diabetic patient samples in the dataset to be taken by running the run
test and normality test.

The steps to be followed non-linear regression algorithmic method:

To get the best-fit function in a data point, the main objective is to get the MSE value should be
less for non-linear regression.

1. Parameter initialization
Curves value produced by the initial values

3. Tominimize the MSE value, calculate the parameters iteratively and modify the same to get the
curve comes to the nearer value.

4.  If the MSE value has not changed when compared to the previous value, the process has to stop.

6.2. Linear regression:

To analysis the gene expression data, the linear regression is good to get the best-fit curve and
the expression level is vary with small extent in this gene level. By comparing, the group of training
data set with the gene expression for the data class to get the most informative genes that are used as
features selection process above the various diversified level of data. In this linear regression model,
the dependent variable of x is taken in association with y as independent variable [27]. The model is
established to forecast the values using x variable, when the regression fitness value is maximized
because of population in the y variable. The hypothesis function of the single variable given as,

ge = By + O1x (20)

Where, 8; are the parameters. To select the range between 8, and 6,in such manner that g4 is

near to y in the data set of training (x, y). The cost function is given by,

R (60,0,) = 5% 1(ge(x) — ¥ (21)

is to minimized. Total samples is represented by m in the training dataset. The linear regression
model with n variables is given by,

do = 903(0 + 91x1 + -+ ann (22)
and the cost function is given by:

R(0) = ;-3 (9o (x) — y')? (23)
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Where 0 is a set consisting of {6, 04,0, ..., 6,,}. Using gradient descent algorithm, the function
is minimized. The cost function for the partial derivative is given below:

2 =2 ym Y _ yi)2
5 900) = 5 Tk (ge ) — ¥ (24)
The parameter value 0_jis updated using the below equation,
Ojtnew) = Gjoiy + B - Xiti(go(x' — ¥)x}) (25)

Where f istherate of learning and 6; is the updated value of dataset until the convergence reached.
The value of f is chosen as 0.01. 6, is continuously computed until the cost function ggis
minimized involving the simultaneous updation of ;.

The algorithm for the linear regression as:

1. The features selection parameters based on the DFA, Chi2Pdf, Firefly and Cuckoo search
algorithm as input to the classifiers.

2. Fitaline gg = 6, + 0;xthat splits the data in a linear method.

3. Tominimize, with the observed data for prediction and to define the cost function for computes
the total squared error value.

4.  To find the solutions by equate to zero for computing the derivate forf, and 0;.

5. Repeat the steps 2,3 and 4 to get the coefficients that give the minimum squared error.

6.3. Logistic regression:

The function Logit have been utilized effectively for the classification problem like Diabetic,
cancer and Epilepsy. Author considers a function y as an array of disease status with 0 to 1
representation of normal patients to diabetic patients. Let us assume the vector gene expression
as,x=x_(1,) x_2,..x_m. Where x_jis the jth gene expression level. A model-based approach of I1(x) is
used to construct using dataset with most likelihood of y=1 given that x can be useful for extremely
new type of gene selection for diabetic patients. To identify the maximum likelihood in the
dimensionality reduction techniques to find out the “q” informative genes for the logistic
regression. Let x_j* be the representation of the gene expression, where j=1,2, 3,...,q and the binary
diseases status  in the form of array is given by y_(i,) where i=1,2,.,n. and the vectored gene
expression is defined as x_i=(x_il,...,x_ip). The logistic regression model is denoted by,

Logit {T1(x)} = vy + Xi_;v;x] (26)

The fitness function and the log-likelihood should be maximum by obtaining the following
function as,

1wy, v) = XJ-i{yilog(m) + (1 = m)} = 5 llvll? (27)

Where 7 is the parameter that limits v shrinkage near to 0, m; = m(x;) as it is specified by
model in the article Hamid et. al.,[28,29]

lvll?, is the Euclidean length of v = vy,v,, ..,Up. The selection of g andt are based on the
parametric bootstrap and it is constraint the accurate calculation for the error prediction methods.
First the value of v was set be zero due to the computing analysis of cost function. ~After that, it is
varied due to various parameters to minimize the cost function. The selection of the values from 0
to 1, in the sigmoid function for attenuation purpose. The threshold cut off value for the diabetic to
the normal patients is fixed as 0.5. So, any probability will be taken under 0.5 is taken as normal
patients and above the threshold value is considered as diabetic patients.

In the below three methods, authors used the techniques for threshold values for separation of
the dataset.

6.4. Gaussian Mixture Model (GMM)

It is one of the popular unsupervised learning in the machine learning technique which is used
for pattern recognition and signal classification techniques in depend with integrating the related
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object together [9]. By using clustering techniques, the similar data are to be classified which it is easy
to predict and compute the unrated items in the ratio of same category if it is. GMM [30] comes under
the category of soft clustering techniques in which it is having both hard and soft clustering
techniques. Let we assume the GMM will allow the Gaussian Mixture model distribution techniques
for further data analysis. The data generated in the Gaussian distribution techniques, Every GMM
includes of g in the Gaussian distributions. In the Probability density function of GMM, the
distributed components are added in a linear form in which it is together to analysis and found easy
for generated data. For a random value generation in a vector form, a in a n-dimensional sample
space x, if 'a’, which obeys the Gaussian distribution then the probability distribution function is
expressed as
1 —

p(@) = (2n)n/12|z|1/ze_(i)(a_")Tz e (28)
where u is represented by the mean vector of n-dimensional space and n X n is represented by the
covariance of matrix X. The Gaussian distribution of covariance Xand the mean vector uis done
through determination of the matrix. There are many components to be mixed up for the Gaussian
distribution function and the each has the individual vector spices in the distribution curve. The
mixture distribution equation is followed as

Po(@) = X ;. p(alu;, %)) (29)
The j™ Gaussian mixture of the parameter is represented as u;andX; and with the
corresponding mixing coefficient is represented as ;.

6.5. Bayesian Linear Discriminant Classifier (BLDC)

The main usage of this type of classifiers is to regularize the high dimensional signal, reduction
of noisy signals and to avoid the computation performance. Assumption to be made before
proceeding to the Bayesian linear discriminant analysis Zhou et. al., [31] is that a target is set with
respect to the relation in a vector of b, and ¢ which is denoted as white Gaussian noise, therefore it is
expressed as a = x"h + c. Weighted function is considered as x, and its likelihood function is
expressed as,

p(G|B,x) = (zﬁn)E exp (— g IBTx — mll), where the pair of {B,m} is denoted as G. The B matrix
will give the training vector. a denotes the filtered signal, § denotes the inverse variance of the
noise and the sample size is denoted by C. The prior distribution of x is expressed as,
1 1

p(xla) = (i)E (i)z exp(— %xTH'(a)x (30)

2n 21
Here the regularization square is representation as,
a - 0
H@)=|: =~
0 - elgrnas+y

Where the hyper parameter a is produced from the forecasting the data, and the vector number
is assigned as l. The weight x follows a Gaussian distribution which has zero mean and a small value
is contained in &. According to the Bayes rule, the posterior distribution of x can be easily computed
as,

P(G|B, x)P(xla)
JP(GIB, x)P(y|a)dy

For posterior distribution, the mean vector v anda the covariance matrix X should satisfy the

norms in the equation (30) and (31). Nature of posterior distribution is highly Gaussian.
v= B (BBBT + H («))'Ba (32)
X = (BBBT + H (a))™! (33)

p(x|B, @, G) =

@)
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Input prediction vector b, the expression for probability distribution on the regression

as,p(a|B,a,b,G) = [p(a|B, b, x)p(x|B, a,G)dy
The nature is again highly Gaussian in this prediction analysis also its mean is expressed as u =

vTh and variance is expressed as §2 = % + bTXb.

6.6. Softmax Discriminant Classifier (SDC)

The Intention of SDC [32] included in this analysis for determination and identification of the
group in which the specific test sample has taken. In this case, the weighing its distance between the
samples of training to the test in a specific class or group of data. If the train set is denoted as

Z=12,2,..,2,) € £ (34)

which comes from the distinct classes named q. Z, = [Z{,73,..,Z],] € %% which indicated the d,
as samples from the q** class where Y1, d; = d. Assuming K € R*! is the test samples, again it
is given to the classifiers, If negligible construction error can be obtained from the test samples that
we utilize the class of g. The class sample of q and test samples were the transformation in the non-
linear enhancing values, by which the ideology of SDC has satisfied in the following equations,

AK) = argmax Z{, (35)

AK) = argmiaxlog (Z}ii] exp(—1|jv — U}HZ)) (36)

Here h(K) represents the distance between i*"

valid the penalty cost. Hence if K is identifies to the class i

class and the test samples. 4 > 0, in order to
th value then v and v]-i are the same

characteristic function and so ||v — v ||zis improving close to zero and hence maximizing Z{, can be
achieved in the asymptotic values in which its maximum possibility.

h(y) = sgn B @izy{y + C) (37)
Steps for the SVM is to identify:

Step 1: With the help of quadratic optimization, we can use the linearization and convergence. For
the dual optimization problem which was transformed from the primal minimization problem and
it is referred as maximizing the dual lagrangian Lo with respect to «a;,

1
Max Ly = Yi_;ja; — 525:125‘:1“1’“;’3’1’3’;()(['-)(}') (38)

Subject to Y!_; @;y; =0, where a; >0Vi=1,23,..,1
Step 2: By solving the quadratic programming problem described earlier, the optimal separating
hyperplane can be obtained. The data points that possess a non-zero Lagrangian multiplier («<;> 0)
are identified as the support vectors.
Step 3: In the trained data the optimal hyper plane is fixed by the support vectors and it is very closest
to the decision boundary
Step 4: The K means clustering is the data set. It will function as group of clusters according to the
condition of the Step 2 and Step 3. Randomly choose vector from the clusters of 3 points each as
clusters and centre points, are the points from the given dataset. For each point in the centre will
acquire the present around them.
Step 5: If there are six centre points from each corner then the SVM training data is done by kernel
methods.

Polynomial Function: K (X, Z) = (XT Z + 1)d

2
Radial Basis Function: k (x;,x;) = exp {_l(z;_djé | } (39)

The hyperplane, along with the support vectors, serves the purpose of distinguishing between
linearly separable and nonlinearly separable data.

6.7. Training and Testing of Classifiers
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The training data for the dataset is limited. So, we perform K-fold cross-validation. K-fold cross-
validation is a popular method for estimating the performance of a machine-learning model. The
process performed by Fushiki et al. [34] for k-fold cross-validation is as follows. The first step is to
divide the dataset into k equally sized subsets (or "folds"). For each fold, i, train the model on all the
data except the i-th fold and test the model on the i-th fold. The process is repeated for all k folds so
that each is used once for testing. At the end of the process, you will have k performance estimates
(one for each fold). Now, calculate the average of the k performance estimates to get an overall
estimate of the model's performance. Once the model has undergone training and validation through
k-fold cross-validation, it can be retrained on the complete dataset to make predictions on new,
unseen data. The key advantage of k-fold cross-validation is its ability to provide a more reliable
assessment of a model's performance compared to a simple train-test split, as it utilizes all available
data. In this particular study, a k-value of 10-fold was selected. Notably, this research encompassed
20 diabetic patients and 50 non-diabetic patients, with each patient associated with 2870
dimensionally reduced features. Multiple iterations of classifier training were conducted. The
adoption of cross-validation eliminates any reliance on a specific pattern for the test set. Throughout
the training process, the Mean Square Error (MSE) was closely monitored as a performance metric,

MSE = +3.,(0; - T;)° (40)

Where Oj- is the observed value at time j, Tj is the target value at model j; j=land 2, and N is the
total number of observations per epoch in our case it is 2870. As the training progress the MSE value
reached at 1.0 E-12 with in 2000 iterations

Table 4. Confusion matrix for Diabetic and Non-Diabetic Patient Detection.

. L. Predicted Values
Truth of Clinical Situation - - : :
Diabetic Non-Diabetic
Diabetic (DP) TP FN
Actual Values
Non-Diabetic (NDP) FP TN

In the case of diabetic detection, the following terms can be defined as:

True Positive (TP): A patient is correctly identified as diabetic class.

True Negative (TN): A patient is correctly identified as non-diabetic class.

False Positive (FP): A patient is incorrectly identified as diabetic class when they are actually in
non-diabetic class.

False Negative (FN): A patient is incorrectly identified as non-diabetic class when they are
actually in diabetic class.

The training MSE are always varied between 10-04 to 10-08, while the testing MSE varies from
10-04 to 10-06. SVM(RBF) classifier without feature selection method settled at minimum training
and Testing MSE of 1.26E-08 and 5.141-06 respectively. The minimum testing MSE is one of the
indicators towards the attainment of better performance of the classifier. As shown in the Table 5 that
higher the value of testing MSE leads to the poorer performance of the classifier irrespective of the
Dimensionality reduction Techniques.
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Table 5. exhibits the training and testing MSE performance of the classifiers without feature selection
Method for four Dimensionality Reduction Techniques.
With DFA With Chi2 pdf With Firefly Algorithm Cuckoo Search
DR Method DR Method DR Method DR Method
Classifiers
Training Testing  Training  Testing Training Testing  Training  Testing
MSE MSE MSE MSE MSE MSE MSE MSE
NLR 7.92E-05  0.0001633  9.8E-05  5.439E-05 6.56E-05 0.00029 2.81E-05  0.000145
Linear Reg 4.62E-05 8.936E-05  6.08E-05  0.0001945 5.48E-05 0.0003566 ~ 9.22E-05  0.000135
Logistic
2.6E-05 0.0001325  2.21E-05  0.0001565 8.84E-05 0.0004625  9.8E-05  0.0001685
Regression
GMM 1.52E-05 0.000121 7.06E-05  0.0001662 7.92E-05 0.0002442  0.0000342 0.0001103
BDLC 0.00000182  6.978E-05  8.46E-05  0.0002492 4.49E-05 0.0002136  0.0000144  7.161E-05
SDC 0.0000272  0.0001567  0.0000121  0.0001095 4.22E-05 0.0003081  0.0000121  0.000104
SVM(RBF) 0.0000196  0.0001656  4.62E-05  0.0001454 3.48E-05 0.0001924  1.26 E-08  5.141E-06

Table 6 displays the training and testing MSE performance of the classifiers with PSO feature
selection Method for four Dimensionality Reduction Techniques. The training MSE are always varied
between 10-05 to 10-08, while the testing MSE varies from 10-04 to 10-06. SVM (RBF) classifier with
PSO feature selection method settled at minimum training and Testing MSE of 1.94E-09and 1.885E-
06 respectively. All the classifiers slightly improved the performance in the Testing MSE when
compared to without Feature selection methods. This will be indicated by the enhancement of the
accuracy of the classifier performance irrespective of the type of Dimensionality Reduction
Techniques.

Table 6. Training and Testing MSE Analysis of Classifiers for Various Dimensionality Reduction
Technique with PSO Feature Selection Methods.

With DFA With Chi2 pdf With Firefly Algorithm Cuckoo Search
DR Method DR Method DR Method DR Method
Classifiers
Training Testing Training Testing Training Testing Training Testing
MSE MSE MSE MSE MSE MSE MSE MSE
NLR 3.61E-06 9.01E-06  5.29E-06 4.062E-05 3.36E-05 0.0001568  3.84E-07 3.737E-05
Linear Reg  9.61E-06 0.0001603  1.22E-07 4.825E-06 8.28E-06 1.464E-05 4.62E-06 5.042E-05
Logistic
1.44E-05 1.422E-05 2.6E-08 6.806E-05 6.89E-05 0.0001486  7.4E-07 2.906E-05
Regression
GMM 6.24E-05 8.021E-05  1.36E-07 1.168E-05 4.62E-06 1.394E-05 2.7E-05 0.0001511
BDLC 1.76E-05 4.063E-05  7.29E-06 5.653E-05 1.52E-06 0.0001192  5.33E-07 2.92E-05
SDC 9E-06 2.005E-05  2.89E-06 2.493E-05 1.02E-05 0.0001243  8.65E-08 5.525E-05
SVM(RBF)  2.12E-07 8.5E-06 1.94E-09 1.885E-06 2.56E-06 1.889E-05 7.22E-07 1.022E-05

Table 7 depicts the training and testing MSE performance of the classifiers with Harmonic Search
feature selection Method for four Dimensionality Reduction Techniques. The training MSE are
always varied between 10-05 to 10-08, while the testing MSE varies from 10-04 to 10-06. SVM (RBF)
classifier with Harmonic Search feature selection method settled at minimum training and Testing
MSE of 1.86E-08and 1.7E-06 respectively. All the classifiers are enhanced the performance in the
Testing MSE when compared to without Feature selection methods. This will be indicated by the
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improvement of the accuracy, MCC and Kappa parameters of the classifier performance irrespective
of the type of Dimensionality Reduction Techniques.

Table 7. Training and Testing MSE Analysis of Classifiers for Various Dimensionality Reduction
Technique with Harmonic Search Feature Selection Methods.

With DFA With Chi2 pdf With Firefly Algorithm Cuckoo Search
DR Method DR Method DR Method DR Method
Classifiers
Training Testing Training Testing Training Testing Training Testing
MSE MSE MSE MSE MSE MSE MSE MSE
NLR 7.06E-05 1.68E-05 3.25E-05 5.46E-05  5.04E-05 9.7E-05 9.61E-06 5.07E-05

Linear Reg 9.22E-05 0.000244 1.44E-05 2.22E-05 1.68E-05 0.000121 8.28E-07 2.86E-05

Logistic
5.93E-08 1.68E-05 6.25E-06 3.03E-05 2.81E-07 2.86E-05 3.25E-05 3.14E-05
Regression
GMM 1.09E-05 0.000221 1.76E-05 5.66E-05 3.02E-05 7.57E-05 3.84E-05 1.23E-05
BDLC 2.92E-08 5.04E-05 0.000182 4.22E-05 3.25E-05 2.58E-05 1.85E-05 7.42E-05
SDC 6.56E-05 1.72E-05 0.000169 2.5E-05 5.76E-06 0.000225 1.52E-05 3.72E-05
SVM(RBF) 4.36E-05 4.88E-06 7.4E-05 8.13E-06 6.56E-05 1.02E-05 1.86E-08 1.7E-06

6.8. Selection of target

The target value for the Non diabetic case (Typ)is taken at the lower side of zero to one (0—1)
scale and this mapping is made according to the constraint of
1
I L1 < Typ (41)
wherey; is the mean value of input feature vectors for the N number of Non-diabetic Features taken
for classification. Similarly, the target value for the Diabetic case (Tp;,) is taken at the upper side of
zero to one (0—1) scale and this mapping is made based on
1
gZﬁ-V:l K < Tpia (42)
wherey; is the average value of input feature vectors for the M number of Diabetic cases taken for
classification. Note that the target value Tp;, would be greater than the average value of y;and u;.
The difference between the selected target values must be greater than or equal to 0.5, which is given
by:
Tpia — Tnpll 2 0.5 (43)

Based on the above constraints, the targets T_ND and T_Dia for Non-Diabetic and Diabetic
patient output classes are chosen at 0.1 and 0.85 respectively. After selecting the target values, the
Mean Squared Error (MSE) is used for evaluating the performance of a machine learning Classifiers.

Table 8. Selection of Optimum Parametric Values for Classifiers.

Classifiers Description
NLR Set distribution as N(o,d?), 2<0.2, H<0.014 with 7= 1, Convergence Criteria:
MSE
LR 8T < 0.6, = 0.01 and Convergence Criteria: MSE
LoR Threshold H 0(x) = 0.5. Criterion: MSE

The mean, covariance of the input samples, and a tuning parameter similar to
GMM the Expectation-Maximization method were employed in determining the
likelihood probability (0.15) of test points and the cluster probability (0.6). The
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convergence rate was set at 0.6. The criterion used for evaluation was the Mean

Squared Error (MSE).
BLDC Prior probability P(x): 0.5, class mean px = 0.8 and py = 0.1. Criterion: MSE
SDC C: 0.5, Coefficient of the kernel function (gamma): 10, Class weights: 0.5,
Convergence Criteria: MSE
C: 1, Coefficient of the kernel function (gamma): 100, Class weights: 0.86,
SVM - RBF

Convergence Criteria: MSE

7. Results and Discussion:

The research uses standard ten-fold testing and training in which 10% of input features are
employed for testing, whereas 90% are employed for training. The choice of performance measures
is significant in evaluating classifier performance. The confusion matrix is used to evaluate the
performance of Classifiers, especially in binary classification (i.e., classification into two classes, such
as Diabetic or Non diabetic from the pancreas Micro array Genes). It can be used to calculate
performance metrics such as Accuracy, F1 score, MCC, Error Rate, Jaccard Index, and Kappa,
commonly used to evaluate the model's overall performance. Table 9 depicts the parameters
associated with the classifiers for performance Analysis.

Table 9. Average Performance of Classifiers with different DM techniques Without Feature Selection

Methods.
Parameters
Dimensionalit Jaccard
Classifiers Accuracy F1Score Error Rate
y Reduction MCC Metric Kappa
(%) (%) (%)
(%)
NLR 55.71429 43.63636 0.126491 44.28571 27.90697674 0.114286
Linear Reg 55.71429 41.50943 0.099549 44.28571 26.19047619 0.09205
Detrend Logistic
55.71429 43.63636 0.126491 4428571 27.90697674 0.114286
Fluctuation Regression
Analysis GMM 55.71429 41.50943 0.099549 44.28571 26.19047619 0.09205
(DFA) BDLC 58.57143 45.28302 0.162898 41.42857 29.26829268 0.150628
SDC 54.28571 40.74074 0.081349 45.71429 25.58139535 0.07438
SVM(RBF) 57.14286 48.27586 0.199506 42.85714 31.81818182 0.173228
NLR 61.42857 50.90909 0.252982 38.57143 34.14634146 0.228571
Linear Reg 57.14286 48.27586 0.199506 42.85714 31.81818182 0.173228
Logistic
54.28571 40.74074 0.081349 45.71429 25.58139535 0.07438
Regression
Chi2pdf
GMM 54.28571 40.74074 0.081349 45.71429 25.58139535 0.07438
BDLC 52.85714 37.73585 0.036199 47.14286 23.25581395 0.033473
SDC 55.71429 41.50943 0.099549 44.28571 26.19047619 0.09205
SVM(RBF) 65.71429 47.82609 0.233737 34.28571 31.42857143 0.229358
NLR 52.85714 37.73585 0.036199 47.14286 23.25581395 0.033473
Firefly Linear Reg 52.85714 40 0.063246 47.14286 25 0.057143
Algorithm Logistic
51.42857 37.03704 0.018078 48.57143 22.72727273 0.016529

Regression
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GMM 54.28571 40.74074 0.081349 45.71429 25.58139535 0.07438
BDLC 52.85714 40 0.063246 47.14286 25 0.057143
SDC 52.85714 37.73585 0.036199 47.14286 23.25581395 0.033473
SVM(RBF) 54.28571 42.85714 0.108465 45.71429 27.27272727 0.096774
NLR 54.28571 38.46154 0.054411 45.71429 23.80952381 0.050847
Linear Reg 57.14286 42.30769 0.11789 42.85714 26.82926829 0.110169
Logistic

57.14286 42.30769 0.11789 42.85714 26.82926829 0.110169
Regression

Cuckoo Search

GMM 55.71429 41.50943 0.099549 44.28571 26.19047619 0.09205
BDLC 58.57143 45.28302 0.162898 41.42857 29.26829268 0.150628
SDC 57.14286 42.30769 0.11789 42.85714 26.82926829 0.110169
SVM(RBF) 65.71429 50 0.258199 34.28571 33.33333333 0.25

7.1. Performance Metrics

7.1.1. Accuracy

The accuracy of a classifier is a measure of how well it correctly identifies the class labels of a
dataset. It is calculated by dividing the number of correctly classified instances by the total number
of instances in the dataset. The equation for accuracy is given by Fawcett et al. [35]

(TN+TP)

Acc=———
(TN+FN+TP+FP)

(44)

7.1.2. F1 Score

The F1 score is a measure of a classifier's accuracy that combines precision and recall into a single
metric. It is calculated as the harmonic mean of precision and recall, with values ranging from 0 to 1,
where 1 indicates perfect precision and recall. The equation for F1 score is given by Saito et al. [36]

1= 2xTP
" (2+TP+FP+FN)

(45)

Precision represents the ratio of true positives to the total number of instances classified as
positive, while recall represents the ratio of true positives to all instances that are genuinely positive.
The F1 score is useful when the classes in the dataset are imbalanced, meaning there are more
instances of one class than the other. In such scenarios, accuracy may not serve as a suitable metric,
as a classifier that predicts the majority class would exhibit high accuracy but low precision and recall.
The F1 score offers a more balanced evaluation of a classifier's performance

7.1.3. Matthews Correlation Coefficient (MCC)

MCC, short for "Matthews Correlation Coefficient," quantifies the effectiveness of binary (two-
class) classification models. It considers both true and false positives and negatives, making it
especially valuable when dealing with imbalanced class distributions.

The MCC is defined by the following equation as given in Chicco et al. [37]:

_ (TP * TN — FP * FN)
JTP + FP) * (TP + FN) * (TN + FP) » (TN + FN)

Mcc (46)

The Matthews Correlation Coefficient (MCC) is bounded between -1 and 1. A coefficient of 1
indicates a flawless prediction, 0 signifies a random prediction, and -1 denotes a completely incorrect
prediction.
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7.1.4. Error Rate

The error rate of a classifier as mentioned in Duda et al. [38] is the proportion of instances that
are misclassified. It can be calculated using the following equation

(FP + FN)

Errorrate = ————
(TP + TN + FP + FN)

(47)

7.1.5. Jaccard Metric:

The Jaccard metric, also known as the Tanimoto similarity coefficient, explicitly disregards the
accurate classification of negative samples. [39]

TP

Jaccard = ——
TP+FP+FN

(48)
Changes in data distributions can greatly impact the sensitivity of the Jaccard metric.

7.1.6. Kappa

The kappa statistic, also known as Cohen's kappa, is a measure of agreement between two raters,
or between a rater and a classifier. In the context of classification, it is used to evaluate the
performance of a classifier on a binary or multi-class classification task. The kappa statistic measures
the agreement between the predicted and true classes, taking into account the possibility of
agreement by chance. Kvalseth et al. [40] defined kappa as follows:

(Po—P,
Kappa = (;’_P:)) (49)

where P, is the observed proportion of agreement, and P, is the proportion of agreement expected
by chance. P, and P, are calculated as follows

(TP +TN)
© T (TP +TN + FP + FN) (50)
p, = (TP + FP) * (TP + FN) + (FP + TN) * (FN + TN) (51)

(TP + TN + FP + FN)?

The kappa statistic takes on values between -1 and 1, where values greater than 0 indicate
agreement better than chance, 0 indicates agreement by chance, and values less than 0 indicate
agreement worse than chance. The results are tabulated in the following tables.

Table 9 demonstrates the performance analysis of the seven classifiers based on parameters like
Accuracy, F1 Score, MCC, Error Rate, Jaccard Metric, and Kappa values for the four Dimensionality
Reduction method without feature selection methods. It is identified from the Table 9 that SVM(RBF)
Classifier in the Cuckoo Search DR techniques is settled at middle accuracy of 65.71%, F1 Score of
50% with moderate Error rate of 34.28% and Jaccard Metric of 33.33%. The SVM(RBF) Classifier is
also exhibits a low value of MCC 0.2581 and Kappa value of 0.25. The Logistic Regression Classifier
for firefly algorithm DR Technique is placed in the lower ebb of accuracy of 51.42%, with high Error
Rate of 48.57% F1 Score of 37.03% and Jaccard Metric of 22.72%. The MCC and Kappa values of
Logistic Regression classifier is at 0.01807 and 0.01652 respectively. Irrespective of the Dimensionality
Reduction Techniques all the classifiers are settled at accuracy within the range of 50%-65%. This is
due the inherit limitation of the Dimensionality Reduction Techniques. Therefore, it is recommended
to incorporate the Feature selection methods to enhance the classifier performance

Figure 9 depicts the performance analysis of the seven classifiers based on parameters such as
Accuracy, F1 Score, Error Rate, and Jaccard Metric values for the four Dimensionality Reduction
method without feature selection methods. It is observed from the Figure 9 that SVM(RBF) Classifier
in the Cuckoo Search DR techniques is settled at middle accuracy of 65.71%, F1 Score of 50% with
moderate Error rate of 34.28% and Jaccard Metric of 33.33%. The Logistic Regression Classifier for
firefly algorithm DR Technique is placed in the lower end of accuracy of 51.42%, with high Error Rate
of 48.57% F1 Score of 37.03% and Jaccard Metric of 22.72%.
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Figure 9. Performance Analysis of Classifiers without Feature Selection Methods.

Table 10 exhibits the performance analysis of the seven classifiers for the four Dimensionality
Reduction method with PSO feature selection method. It is observed from the Table 10 that
SVM(RBF) Classifier in the Chi square pdf DR techniques is settled at high accuracy of 91.42%, F1
Score of 85.71% with low Error rate of 8.57% and Jaccard Metric of 75%. The SVM(RBF) Classifier is
also exhibits a high value of MCC 0.7979 and Kappa value of 0.7961. The Logistic Regression
Classifier for firefly algorithm DR Technique once again is placed in the lower end of accuracy of
55.71%, with high Error Rate of 44.28% F1 Score of 43.63% and Jaccard Metric of 27.9%. The MCC and
Kappa values of Logistic Regression classifier is at 0.1264 and 0.1142 respectively. Irrespective of the
Dimensionality Reduction Techniques all the classifiers are settled at accuracy within the range of
55%-92%. This is enhancement in the accuracy is due to the inherit property of the PSO Feature
selection Method.

Table 10. Average Performance of Classifiers with different DM techniques With PSO Feature

Selection Method.
Parameters
Dimensionality o ihers A F1S Error Rate  Jaccard Metri
. CCul‘aCy core ITOor nate accar etric
Reduction MCC K
(%) (%) (%) (%) appa
NLR 84.28571 75.55556 0.650538  15.71429 60.71428571 0.64186
Linear Reg 60 53.33333 0.292119 40 36.36363636 0.246154
Losisti
Detrend ogistic 81.42857 6976744 0567465 1857143 5357142857  0.564593
etre Regression
Fluctuation GMM 57.14286 44 44444 0.14462 4285714 28.57142857 0.132231
Analysis (DFA)
BDLC 65.71429 58.62069 0389943 3428571 41.46341463 0.338583
SDC 74.28571 65.38462 0.498765  25.71429 48.57142857 0.466102
SVM(RBF)  82.85714 75 0.645497  17.14286 60 0.625
NLR 65.71429 58.62069 0.389943  34.28571 41.46341463 0.338583
Linear Reg  87.14286 80 0.716535  12.85714 66.66666667 0.706977
Logistic 60 4615385 0181369 40 30 0.169492
Regression
Chi*pdf GMM 84.28571 73.17073 0.621059  15.71429 57.69230769 0.62069
BDLC 65.71429 47.82609 0.233737  34.28571 31.42857143 0.229358
SDC 81.42857 66.66667 0538411  18.57143 50 0.538071
SVM(RBF)  91.42857 85.71429 0.797961  8.571429 75 0.796117
NLR 62.85714 56.66667 0.35602 37.14286 39.53488372 0.3
Firefly Algorithm

Linear Reg 77.14286 69.23077 0.562244 22.85714 52.94117647 0.525424
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;Zgirztsi;m 55.71429 4363636 0126491 4428571  27.90697674 0.114286
GMM 75.71429 66.66667 0518396 2428571 50 0.48927
BDLC 58.57143 4912281 0217197 4142857  32.55813953 0.191235
SDC 62.85714 4347826 0.16829 3714286  27.77777778 0.165138
SVM(RBF)  75.71429 66.66667 0518396 2428571 50 0.48927
NLR 72.85714 5581395 0365486  27.14286  38.70967742 0.363636
Linear Reg  62.85714 51.85185 0271163  37.14286 35 0.247934
;Zgirsetsi;on 80 65 0.51 20 48.14814815 0.51

Cuckoo Search GMM 57.14286 46.42857 0.171737  42.85714 30.23255814 0.153226
BDLC 70 5714286 0366834 30 40 0.352423
sDC 68.57143 50 0276003 3142857  33.33333333 0.273585
SVM(RBF)  81.42857 7234043 060325 1857143  56.66666667  0.588235

Figure 10 displays the performance analysis of the seven classifiers s for the four Dimensionality
Reduction methods with PSO feature selection methods. It is also identified from the Figure 10 that
SVM(RBF) Classifier in the Chi Square pdf DR techniques is settled at high accuracy of 91.42%, F1
Score of 85.71% with low Error rate of 8.57% and Jaccard Metric of 75%. The Logistic Regression
Classifier for firefly algorithm DR Technique is settled in the lower end of accuracy of 55.71%, with
high Error Rate of 44.28% F1 Score of 43.63% and Jaccard Metric of 27.9%. The PSO feature selection
method improves the classifier accuracy around 10%- 35% irrespective of the DR Techniques.

. . . W Accuracy
Performance Analysis of Classifiers with PSO Feature
Selection Method M F1 Score
100 Error Rate
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Figure 10. Performance Analysis of Classifiers with PSO Feature Selection Methods.

Table 11 explores the performance analysis of the seven classifiers for the four Dimensionality
Reduction method with Harmonic Search feature selection method. It is observed from the Table 11
that SVM(RBF) Classifier in the Cuckoo Search DR techniques is settled at high accuracy of 90%, F1
Score of 83.72% with low Error rate of 10% and Jaccard Metric of 72%. The SVM(RBF) Classifier is
also exhibits a high value of MCC 0.7694 and Kappa value of 0.7655. The Linear Regression Classifier
for Detrend Fluctuation Analysis (DFA) DR Technique is placed in the lower accuracy of 52.85%, with
high Error Rate of 47.14% F1 Score of 37.75% and Jaccard Metric of 23.25%. The MCC and Kappa
values of Linear Regression classifier is at 0.0361land 0.03343 respectively. Irrespective of the
Dimensionality Reduction Techniques all the classifiers are settled at accuracy within the range of
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50%-90%. This is enhancement in the accuracy is due to the usage of Harmonic Search Feature
Selection method.

Table 11. Average Performance of Classifiers with different DM techniques With Harmonic Search
Feature Selection Method.

Parameters
Dimensionalit . Error Jaccard
Reduction Y Classifiers Accuracy F1Score MCC Rate Metric Kappa
(%) (%)
(%) (%)
NLR 7857143 68.08511 0538285 2142857 516129  0.524887
Linear Reg 5285714 3773585 0036199  47.14286 2325581  0.033473
Detrend Logistic 7857143 68.08511 0538285 2142857 516129  0.524887
Fluctuation Regression
Analysis (OFA)  CMM 5428571 4074074 0081349 4571429 255814  0.07438
BDLC 6428571 5098039 0263745 3571429 3421053  0.248927
SDC 7571429 66.66667 0518396 2428571 50 0.48927
SVM(RBF) 8571429 7727273 0675731 1428571  62.96296  0.669811
NLR 6142857  49.0566 0226247 3857143 325 0.209205
Linear Reg 7285714 6122449 0431029  27.14286 4411765  0.414097
Logistic 70 6037736 0416294 30 4324324 0.384937
Chizpdf Regression
GMM 6428571 4897959 0238442 3571429 3243243  0.229075
BDLC 6714286 5306122 0302638  32.85714 3611111  0.290749
SDC 7142857 5833333 0387298 2857143 4117647 0375
SVM(RBF) 8428571 7555556  0.650538 1571429 6071429  0.64186
NLR 5571429 4150943 0099549 4428571 2619048  0.09205
Linear Reg 5571429 4150943 0099549 4428571 2619048  0.09205
Logistic 7142857 6296296 0460977 2857143 4594595 0421488
Firefly Algorithm Regression
GMM 5857143 4528302 0162898 4142857 2926829  0.150628
BDLC 7571429 6222222 0452548 2428571 4516129  0.446512
sbC 5428571 3846154 0054411 4571429  23.80952  0.050847
SVM(RBF) 8571429 7619048 0661724 1428571 6153846  0.660194
NLR 6285714 50 0244848  37.14286 3333333 0228814
Linear Reg 7142857 5833333 0387298 2857143 4117647 0375
Logistic 7142857 5833333 0387298 2857143 4117647 0375
Cuckoo Search Regression
GMM 80 6956522 056098 20 5333333 0550459
BDLC 5857143 4528302 0162898 4142857 2926829  0.150628
sbC 6857143 56 0346891 3142857  38.88889  0.330435
SVM(RBF) 90 83.72093 0769444 10 72 0.76555

Figure 11 exhibits the performance analysis of the seven classifiers s for the four Dimensionality
Reduction methods with Harmonic Search feature selection methods. It is also observed from the
Figure 11 that SVM(RBF) Classifier in the Cuckoo Search DR techniques is settled at high accuracy of
90%, F1 Score of 83.72% with low Error rate of 10% and Jaccard Metric of 72%. The Linear Regression
Classifier for Detrend Fluctuation Analysis (DFA) DR Technique is settled in the lower accuracy of
52.85%, with high Error Rate of 47.14% F1 Score of 37.75% and Jaccard Metric of 23.25%. The
Harmonic Search feature selection method improves the classifier accuracy around 10%- 25%
irrespective of the DR Techniques and achieved the position next to PSO feature selection method.
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Figure 11. Performance Analysis of Classifiers with Harmonic Search Feature Selection Methods.

Figure 12 displays the Performance of MCC and Kappa Parameters across the classifier for four
DR Techniques without and with Two Feature Selection Methods. The MCC and Kappa are the bench
mark parameter which indicates the outcomes of the classifiers for different inputs. As in this research
there are three categories of inputs like dimensionally reduced without Feature selection, with PSO
and Harmonic Feature selection methods. The classifiers performance is observed through the
attained MCC and Kappa values for these inputs. The average MCC and Kappa values from the
classifiers are at 0.2984 and 0.2849 respectively. A methodology is devised to identify the performance
of the classifiers with reference to figure 12. The MCC values are divided into three ranges like 0.01-
0.25, 0.251-0.54 and 0.55-0.8. The performance of the classifiers is very poor in the range 1 and there
is a steep increase in the MCC Vs Kappa slope in the region 2 of the MCC values. The region 3 of
MCC is settled at higher performance of the classifiers without any glitches.
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Figure 12. Performance of MCC and Kappa Parameters across the classifier for four DR Techniques
without and with Two Feature Selection Methods.

7.2. Computational Complexity

The classifiers in this study were evaluated based on their computational complexity, which is
determined by the input size, denoted as O(n). A lower computational complexity, indicated by O(1),
is desirable as it remains constant regardless of the input size. However, as the number of inputs
increases, the computational complexity tends to increase. Notably, in this research, the
computational complexity is independent of the input size, which is a desirable characteristic for
algorithms. If the computational complexity increases logarithmically with the increase in 'n, it is
expressed as O(logn). Additionally, all the classifiers in this paper are hybrid, as they combine
dimensionally reduced outputs with feature selection methods.

Table 12 shows the Computational Complexity of the Classifiers for the four Dimensionality
Reduction Techniques without Feature selection methods. It is observed from the Table 12 that almost
all the classifier’s computational complexity are near equal and their performance is positioned in the
low level of accuracy. Linear Regression Classifier is at low computational complexity of O(2n log2n)
at the same time logistic Regression classifier with Firefly algorithm DR techniques is at higher
complexity of O(2n3 log 2n) and both the classifiers are at the same level of accuracy. SVM(RBF)
Classifier at Cuckoo Search DR technique is with high computational complexity of O(2n3 log 4n)
with increased accuracy , MCC and Kappa values.

Table 12. Computational Complexity of the Classifiers for Different Dimensionality Reduction
Method without Feature selection methods.

With Chi? With Firefly

Classifiers Wltl\l:[ ]::E:dDR pdf DR Algorithm CBCII{«I)\Z St;::;;:h
¢ Method DR Method ¢
NLR O(2n2log2n) O@2n?log2n) O2n*log2n) O(2n*log2n)
Linear Reg O(2nlog2n) O@2n?log2n) O(2n’log2n) O(2n%log2n)

Logistic Regression O(2n%log2n) O@2n?log2n) O2n’log2n)  O(2n*log2n)

GMM O(2n*log2n) O@2n®log2n) O(2n*log2n) O(2n*log2n)
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BDLC O(2n*log2n) O@2n’log?2n) O2n*log2n) O(2n*log2n)
SDC O(2n2log2n) O@2n?log2n) O2n*log2n) O(2n*log2n)
SVM(RBF) O(2n?log4n) O(2n?log4n) O(2n*log4n) O(2n’log4n)

Table 13 is inferred as the Computational Complexity of the Classifiers for the four
Dimensionality Reduction Techniques with PSO Feature selection method. It is identified from the
Table 13 that almost all the classifier's computational complexity are near equal and their
performance is positioned in the high level of accuracy. Linear Regression Classifier is at low
computational complexity of O(2n3log2n) at the same time logistic Regression classifier with Firefly
algorithm DR techniques is at higher complexity of O(2n4 log 2n) and both the classifiers are at the
same level of accuracy. SVM(RBF) Classifier at Chi square pdf DR technique is with high
computational complexity of O(2n4 log 4n) with at the highest accuracy of 91%, MCC and Kappa
values of 0.794 and 0.7967 respectively.

Table 13. Computational Complexity of the Classifiers for Different Dimensionality Reduction
Method with PSO Feature selection method.

: - P
N With DFA With Chi With F.1ref1y Cuckoo
Classifiers DR Method pdf Algorithm Search

DR Method DR Method DR Method

NLR O@2n*log2n)  O@2n*log2n) O(2ntlog2n) O(2nlog2n)

Linear Reg O@nrtlog2n) OCn*log2n) O(2n’log2n) O(2n°log2n)

Logistic Regression O(n*log2n) O@2n*log2n) O(2n*log2n) O(2n’°log2n)

GMM O@2n°log2n) O@2n°log2n) O(2ntlog2n) O(2nlog2n)

BDLC O@r°log2n) O@2n°log2n) O(2nflog2n) O(2n¢log2n)

SDC O(2n*log2n) O@2n*log2n) O(2n*log2n) O(2n*log2n)

SVM(RBF) O(n*log2n) O(2n*log4n) O(2nflog4n) O(2n’°log4n)

Table 14 is shows as the Computational Complexity of the Classifiers for the four Dimensionality
Reduction Techniques with Harmonic Search Feature selection method. It is mentioned from the
Table 14 that almost all the classifier’s computational complexity are near equivalent one and their
performance is positioned in the high level of accuracy. Linear Regression Classifier is at low
computational complexity of O(2n2 log2n) at the same time BDLC and GMM classifiers with Firefly
algorithm DR techniques is at higher complexity of O(2n5 log 2n) and both the classifiers are at the
same level of accuracy. SVM(RBF) Classifier at Cuckoo search DR technique is with high
computational complexity of O(2n4 log 2n) with at the highest accuracy of 90% , MCC and Kappa
values of 0.7655 and 0.767 respectively. Even though the high computational complexity associated
with GMM and BDLC Classifiers have not achieved better performance metrics of the classifiers.

Table 14. Computational Complexity of the Classifiers for Different Dimensionality Reduction
Method with Harmonic Search Feature selection method.

. WithDFA  With Chizpdf  "Vor Firefly Cuckoo
Classifiers DR Method DR Method Algorithm Search
e e DR Method DR Method
NLR O@2n’log2n)  O(2n’log 2n) O(2n*log 2n) O(2n*log2n)
O@2n?log2n)  O(2n*log 2n) O(@2n°log 2n) O(2n’log2n)

Linear Reg
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Logistic Regression O@2n’log2n)  O(2n’log 2n) O(@2n*log 2n) O(2n*log2n)
GMM O@2n*log2n)  O(2n’log 2n) O(@2n°log 2n) O(@2n°log2n)
BDLC O(2n*log2n)  O(2n*log 2n) O(2n°log 2n) O(2n°log2n)
sDC O@2n3log2n)  O(2n’log 2n) O(@2n3log 2n) O(@2n*log2n)
SVM(RBF) O(@2n*log2n)  O(2n*log 2n) O(2n*log 2n) O(2n*log2n)
7.3. Comparison of previous works
Table 15. Comparison with Previous Work.
. Machine . . C e
S. | Author (with Learning Sampling of the Population Validation
No year) data Description Parameter
Parameter
Recall: 0.69, 0.68,
0.7,0.74
SVM, Diabetes patients Precision: 0.65, 0.68,
1 Kumar et al. Naive Bayes, N=10, N-fold (DP) : 200 age 0.7,0.72
(2017) KNN cross validation between : 1-100 F-score: 0.65, 0.68,
C4.5 Decision tree 0.7,0.72
Acc: 0.69, 0.67, 0.7,
0.74
Splitting the
LoR dataset into a DP: 12,447 Equitable accuracy:
Olivera et al. Artificial NN training set (70%), unknow’/vns: 69.5,
2 a test set (30%), 69.47, 68.74, 68.95
(2017) KNN . 1359 age between :
Naive Bayes and performing 3574 AUC (ROC): 75.44,
tenfold cross- 75.48,74.94, 74.47
validation
Acc (%) 83.9, 84.1,
Naive Bayes (NB) 79.9,84.3,84.1
tree, Total strength: Recall (%) 99.2,
3 Alghamdi et | Random forest (RF), N-fold cross 32,555 99.2,90.8,99.9, 99.4
al. (2017) and validation DP: 5099 Specificity (%) 1.6,
LoR model tree, imbalanced 3.1,21.20.50,1.3
j48 decision tree Kappa: 1.34, 3.63
1.37,0.70, 1.14
4 Xie et al. K2 structure- Training set (75%) Total: 21,285 DP: Acc =82.48
(2017) learning algorithm test set (25%) 1124 age: 35-65 )
KNN, :;’tl;;:;gnzz Acc:0.77,
Naive Bayes, training set (70%) 0.74,
5 Sarwar et al. SVM, a test set (30%) ! PIDD 0.77,
(2018) decision tree, d perf. rmin, 0.71,
LoR, a?em}?)oelzocross ’ 0.-74,
RF s 0.71
validation
Acc: 0.81,0.79, 0.78
Sensitivity (Sens) :
Zou et al. Rando}m} forest Fivefold cross- Fivefold cross- 0'8,5.0,'82' 0.82
6 (2018) J48 decision tree validation validation Specificity (Spef) :
Deep NN 0.77,0.76, 0.75
MCC: 0.62, 0.57,
0.57
AUC (ROC): 0.883,
0.873, 0.836
Tmzz;trge(;gth' TPR: 0.85, 0.782,
7 Perveen et al. J48 decision tree, K-medoids under Age betx:veen: 2 0.852, 0.774
(2019) Naive Bayes sampling . Recall: 0.85, 0.802,
74 Diabetes (DP):
8.13% imbalance 0852, 0.824
F1 Score: 0.831,
0.634, 0.829, 0.774
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MCC: 0.634, 0.823,
0.628, 0.798
FPR: 0.218,0.15
0.226, 0.148
Precision (Prec):
0.814, 0.782, 0.807
,0.826
Allocation of 70% Recall: 77, 82, 88
. Decision tree of the data for F-Measure: 82, 86,
Yuvaraj et al. . .. Total strength:
8 (2019) Naive Bayes training purposes 75 664 91
RF and 30% for ! Acc: 88
testing Precision: 87, 91, 94
recall: 0.69, 0.72,
0.74, 0.64 0.76, 0.69
F1:0.69, 0.72, 0.74,
KNN, 0.40, 0.75, 0.69
decision tree, Acc: 0.73,0.70, 075,
9 Jakka et al. Naive Bayes, None Pima Indians 0.66, 0.78, 0.74
(2019) SVM, Diabetes dataset AUC (ROC): 0.70,
LoR, 0.69, 0.70, 0.61, 0.74,
RF 0.70
Misclassification
rate: 0.31, 0.29, 0.26,
0.36,0.24, 0.29
precision: 0.68, 0.74,
Naive Bayes, ) 0.60, 0.63
10 Radja et al. SVM, Tenfold cross- TO?.I s;)trcteng.tskso%s recall: 0.84, 0.90,
(2019) decision table, validation C‘;‘nt‘;;s" s 0.81,0.81
J48 decision tree ’ F1-score: 0.76, 0.76,
0.71, 0.74
Multilayer Partltlom.ng the
dataset into a Acc: 0.87,
perceptron, training set (60%) Total: 11845 0.86
Xiong et al. Ada-Boost, & " | diabetes (DP): 845 7
11 a test set (20%), 0.86,
(2019) RF, age between: 20—
and a tenfold 0.86,
SVM, Sy 100
GBT cross-validation 0.86
set (20%)
o Precision (Prec) :
Dividing the 0.81, 0.86, 0.89, 0.67
dataset into a Case 1: 21,131 DP:
SVM, training set (80%) 5532 AUC (ROC):
Dinh et al. random forest, & oy 0.890.94, 0.96, 0.72
12 a test set (20%), Case 2: 16,426 Pre- L
(2019) GBT, nd conductin DP: Sensitivity (Sens):
LoR at nfcol ) ‘ic '8 o150 0.81, 0.86, 0.89, 0.67
€ ﬁ P ;Orfs F1-S 0.81, 0.86, 0.89,
validation. 067
Specificity (Spef):
Train/Test: 0.74,0.75, 0.73
LD analvsi 80%/20% (2011- Acc: 0.75, 0.74,0.74
5 | Yangetal SV;/IYS > 2014) Total =8057 age: AUC: 0.85, 0.84,
(2020) 4 Validation: 2015- 20-89 imbalanced 0.83
Random forest .
2016 Sensitivity (Sens) :
CV: 5-fold 0.80, 0.79, 0.78
PPV: 0.36, 0.36, 0.35
LoR
S\(/)M AUC (ROC): 0.80,
Muhammad KNN Total: 3?3 age: 1- 0.85, 0.82, 0.86, 0.77,
14 et al. (2020) Random forest ) 150 diabetes: 086
’ Naive Bayes 51.9% Acc: 0.81,0.85, 0.82,
GBT 0.89,0.77, 0.86
Random forest
Total: 1 2
15 Lam et al. LoR Tenfold cross- diab(e’thS' ;1,(?: age AUC (ROC): 0.86
(2021) extreme GBT, validation ! & F1-score: 0.82
GBT between: 40-69
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specificity: 0.62,
.. sensitivity: 0.77
T t (309 Total: 16,42
De Silva et al. raining set (30%) Fotal: 16,429 AUC (ROC): 0.75,
16 LoR validation (30%) diabetes: 5.6%
(2021) test set (40%) age: >20 Acc: 0.62
° 5 PPV: 0.09
NPV: 0.98
X Deep NN, . Total: 3889
K t al. Fivefold -
17 ‘(r;); l)a LoR, “\'Iealci’ dat(i:::s diabetes: 746 age: | Acc: 0.80, 0.80, 0.71
Decision tree 40-69
Acc: 0.83
R h et al. Tenfold -
18 | Camesaeta SVM ento’d eross Pima Indians specificity: 0.79
(2021) validation .
sensitivity: 0.87

8. Conclusion:

The results showed that the SVM(RBF) classifier, in combination with the Cuckoo search DR
technique, achieved the highest accuracy of 90%. The classifier exhibited a high computational
complexity of O(2n"4 log 2n). Additionally, the SVM(RBF) classifier using the Chi-square pdf DR
technique achieved the highest accuracy of 91%, with a computational complexity of O(2n"4 log 4n).
The MCC and Kappa values for the SVM(RBF) classifier with the Cuckoo search DR technique were
0.7655 and 0.767, respectively. For the SVM(RBF) classifier with the Chi-square pdf DR technique, the
MCC and Kappa values were 0.794 and 0.7967, respectively. However, it is important to note that the
GMM and BLDC classifiers, despite their higher computational complexity, did not achieve better
performance metrics compared to the SVM(RBF) classifier. These findings suggest that the SVM(RBF)
classifier, particularly when combined with dimensionality reduction techniques such as the Cuckoo
search or Chi-square pdf, can effectively discriminate between diabetic and non-diabetic patients
based on the microarray gene data obtained from the pancreas. The high accuracies obtained by the
SVM(RBF) classifier indicate its potential for accurate classification and detection of type II diabetic
patients. These results provide insights into the development of classification models and
optimization of diagnostic strategies for type II diabetes detection, offering potential avenues for
personalized treatment and early intervention in at-risk individuals.
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