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In our data-driven world, the healthcare sector faces significant challenges in the early detection and
management of Non-Communicable Diseases (NCDs). The COVID-19 pandemic has further emphasized
the need for effective tools to predict and treat NCDs, especially in individuals at risk. This research
addresses these pressing concerns by proposing a comprehensive framework that combines advanced
data mining techniques, feature selection, and meta-heuristic optimization. The proposed framework
introduces novel hybrid algorithms, including the Hierarchical Genetic Multiple Reduct Selection
Algorithm (H-GMRA) and the Customized Function-based Particle Swarm Optimization with Rough Set
Theory for NCD Feature Selection (CPSO-RST-NFS). These algorithms aim to address the challenges of
feature selection, computational complexity, and disease classification accuracy. H-GMRA outperforms
traditional methods by identifying minimal feature sets with high dependency ratios. CPSO-RST-NFS
combines meta-heuristic optimization with feature selection, resulting in improved efficiency and
accuracy. Through extensive experimentation on diverse NCD datasets, this research demonstrates
the framework’s ability to select informative features, improve classification accuracy, and contribute
to better patient outcomes. By bridging the gap between computational efficiency and disease
classification accuracy, this work offers valuable insights for healthcare practitioners and data analysts,
ultimately advancing the field of NCD research. The proposed framework presents a significant step
towards enhancing the early detection and management of NCDs, offering hope for more precise
clinical predictions and improved patient care.
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Data mining is a very important tool that has emerged in this data-rich age. Data mining has helped social
networking, healthcare, and e-commerce acquire insights. These are crucial inputs for informed decision-making,
notably in the healthcare sector, which has been stressed by COVID-19!. People with noncommunicable diseases,
including heart disease and diabetes, the main causes of death worldwide, are at risk from fast- and slow-moving
COVID-19 variations®. Healthcare practitioners are being bombarded with massive amounts of patient data,
making early disease prediction difficult due to a lack of analytical tools. The project will demonstrate a method
that allows healthcare providers to often evaluate patient data to speed up NCD diagnosis and treatment.

In earlier medical data investigations, classification algorithms were applied, but integration with high
false alarm rates and low disease detection rates was difficult. Some research used preprocessing to reduce
misclassifications, but most lacked accuracy and computing efficiency’. The main issue this study addresses is
early NCD prediction utilizing patient data. We believe that combining computational techniques with feature
selection optimization can greatly improve illness classification accuracy and speed*. To address the complexity
of NCDs and their distinct research needs, the publication uses a new feature selection method. GAs and PSO
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are proven methods in this field, however the text acknowledges that one size does not fit all. This is why the core
invention of this paper, the objective function, addresses the critical need for customisation. This modification is
necessary to adjust algorithms to NCD data sets’ complexity and demands. NCD research has unique problems,
thus researchers must tailor feature selection algorithms to these challenges. Since customization is desired
and important for handling NCDs and making feature selection more appropriate and accurate, the study
emphasizes this’. Two new hybrid algorithms combine state-of-the-art and fresh notions.® For feature selection,
a Hierarchical Genetic Multiple Reduct Selection Algorithm could outperform Quick Reduct Algorithms by
ensuring minimal reducts with higher dependency ratios for better feature quality and more accurate disease
classification’. We explore the integration of meta-heuristic algorithms with particle swarm optimization for
feature selection. Customised Function-based Particle Swarm Optimization with Rough Set Theory for NCD
Feature Selection—CPSO-RST-NFS. Feature selection and classification accuracy are improved over traditional
QRA approaches®.

We employ hybrid algorithms to balance exploration and exploitation for faster convergence and economical
computing resource consumption in feature selection. Our research provides a solid foundation for NCD
analysis and experimentation using several datasets. This clarifies NCD dataset properties and how they affect
illness classification. We want to empower healthcare practitioners with powerful, data-driven NCD diagnosis
and treatment tools to improve clinical forecasts and patient outcomes’. Healthcare practitioners and data
analysts gain valuable insights and ideas on the bridge between computational efficiency and illness classification
accuracy, which may lead to novel NCD research and management strategies. In this study, we use NCD
datasets to demonstrate how our proposed approaches affect disease categorization outcomes. The results and
contributions of this study could alter NCD diagnosis and management and give health practitioners stronger
weapons against such lethal disorders!?.

Preliminaries

When evaluating their issue areas, the algorithms ‘CPSO-RST-NFS’ and ‘H-GMRA seem to be good contributions
in feature selection and multiple reduct selection, respectively, but they are not novel. ‘CPSO-RST-NFS’ applies
particle swarm optimization and rough set theory to feature selection, but it offers little new. Using genetic
algorithms and other methods, ‘H-GMRA' presents a Hierarchical Genetic Algorithm for Multiple Reduct
Selection. Combining well-known methodologies adapted to challenges is innovative in this line of approaches,
although the essential building blocks are well-established principles. Novelty lies in their adaptations and
applications, not in new paradigms. Their practicality and efficiency in handling complicated environmental
challenges make them important.

Heuristic methods

Problem-solving and decision-making are simplified with heuristic algorithms. Unlike slower algorithms that
seek perfect solutions, these algorithms value speed over precision and completeness'!. Optimizing problem-
solving is their specialty. Heuristic algorithms help solve difficult, time-sensitive issues without precise
solutions!>!3. Greedy approaches prioritize locally optimal decisions, while local search methods constantly
improve the answer.

Handling missing values

Missing data in well-structured studies may introduce bias and reduce the validity of the conclusions. Avoiding
this requires data preprocessing. Pre-processing removes redundant, unnecessary, and noisy data to improve
data quality. The current research uses mean imputation for missing values and min-max normalization for
noise reduction in NCD datasets!*. After normalizing NCD datasets, feature selection follows. This crucial stage
selects only relevant information, which the classifier then evaluates to predict diseases!®.

Rough set approach

This mathematical method, Rough Set Theory (RST)'®, can handle incomplete, imprecise, and inconsistent
real-world datasets. It can extract structural correlations from noisy data, but best with discrete and binary
data. RST requires discretization to ensure discernibility for continuous data. Similar information makes things
indiscernible, generating elementary sets whose union may be crisp or rough, implying imprecision in RST".
According to, attribute reduction removes superfluous attributes from datasets to maintain only those relevant
to high-quality classification, improving efficiency and interpretability. Conventional rough set procedures
determine the optimal reduct, the minimal subset of attributes with classification accuracy equal to or greater
than the original set using a classifier'®'°.

Quick reduct algorithm

The Quick Reduct Algorithm selects features in rough set theory?. It selects a selection of attributes to enhance
classification accuracy and simplify high-dimensional datasets. By building a discernibility matrix, assessing
attribute importance, and creating a minimal reduct, it retains important information and improves model
efficiency and interpretability. Dimensionality reduction reduces dimensionality, improves efficiency, and
reduces overfitting in large datasets®!.

Meta-heuristic optimization

Meta heuristic optimization ensures global optimality within a time restriction?’. These methods balance
intensification and diversification strategies in exploring solution spaces, with some being trajectory-based like
Simulated Annealing and Hill Climbing and others population-based like PSO and Genetic Algorithms?. A
new population-based PSO algorithm that uses a rough set-based filter mechanism and an objective function
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with the golden ratio to improve feature selection and classification of NCD datasets takes advantage of particles’
iterative behavior to find optimal solutions?*.

Particle velocity update
The velocity of each particle (v,(t+1)) at time t+1 is updated using the following equation®*:

Vit +1) =wx*V;(t) + C1 xrandy * (pbest;xz — x; (t)) + (2 * rands * (gbest — x; (t)) (1)

Above, w is the inertia weight; ¢, and c, are the cognitive and social learning factors; rand, () and rand,() generate
random values in the range [0, 1]; pbest, refers to the personal best position of the it particle; and gbest is the
global best position.

Particle position update
The position of each particle (x,(t+ 1)) at time t+1 is updated based on its velocity?®:

x(t+1) =x(t)+vi(t+1) (2)

These equations govern how particles explore the solution space and interact with each other to find optimal
solutions. The selection of these equations and parameters is driven by the need to adapt the optimization
process to the characteristics of our research domain.

Amalgamation of particle swarm optimization and rough set theory

This study develops a PSO algorithm with a customized mathematical function utilizing Rough Set Theory to
handle data dimensionality and feature selection difficulties. The approach guides PSO to search for a restricted
and meaningful group of attributes to maximize feature selection and classification in NCD datasets. Offshoots
of feature selection improve efficiency and efficacy, with almost original prognostic capability and reduced
computing complexity of heuristic and exhaustive search strategies?”. RST is crucial to feature selection in the
CPSO-RST-NES algorithm because it detects significant properties from accessed data dependencies. While
RST encompasses a good number of equations and steps, one important component of this technique is the
computation of the dependency ratio for the selected features, given by the equation?3:

(X" = X))

Gamma =
| X

3)

Here, X’ represents the reduct, which is the minimal subset of features, and X represents the complete set of
features. The dependency ratio Gamma quantifies the relevance of the selected features for classification tasks.
The integration of PSO and RST within CPSO-RST-NFS combines the rapid convergence and simplicity of PSO
with the data dependency analysis capabilities of RST. This synergy empowers the algorithm to efficiently select
feature subsets that enhance classification accuracy in NCD datasets?.

Literature review

The Literature Review is crucial to research since it provides insight into past studies in that topic. It can give
aspiring researchers an overview of recent advances in their field. This section will discuss the research on hybrid
algorithms and meta-heuristics used in NCDs to improve patient illness prediction. Rough set-based feature
selection algorithms, based on rough set theory™, efficiently identify and select critical characteristics from high-
dimensional data sets®!.Dependency measures, relevance, reducts, heuristic methods to reduce classification
errors, ranking features by relevance, and hybridization of RS techniques with other optimization algorithms
for improved selection are all used®?. Since discernibility and dependency minimize dimensionality while
keeping significant information, these methods are effective for machine learning feature selection, especially
with large and complicated datasets. Table 1: Related hybrid techniques summary®® Introduced the variable
precision neighborhood rough set decision system, which uses neighborhood granular swarm?!, variable
precision approximation sets®® and positive regions to pick feature subsets based on attribute significance. While
using SVM on UCI datasets, our approach showed good feature recognition and defect tolerance. Rough set
approaches work well for smaller datasets. A Spark framework®® using distributive rough set techniques for
feature selection on huge datasets’” addressed this constraint. This method divides the dataset into smaller
groups for parallel processing, reducing features but increasing processing time, especially for bigger datasets.

Several researchers have developed novel rough set-based feature selection methods.*® Developed a rough
set-based Ant Lion optimizer to find minimal reducts® and refined a rough set theory-based breast cancer
feature selection method*’.

Heuristic algorithms seek global optima by balancing exploitation and exploration. PSO has been used
by many studies (Table 2) to find global optima, typically with other metaheuristic methods. Various research
projects have focused on hybrid PSO algorithms. A filter-based strategy using the Whale Optimization Algorithm
(WOA) with a Kaggle dataset was used to diagnose breast cancer in*. Extremely Randomized Tree (ERT), SVM,
KNN, NB, Stochastic Gradient Descent (SGD), RE, DT, LR, and Kernel SVM classifiers were used in Python
experiments. Evaluation metrics were accuracy, recall, F-Score, and precision. The program outperformed other
classifiers with a 0.7% accuracy gain when employing ERT. In another context,” introduced a Hybrid PSO with
the Cuckoo Search Algorithm for complex nonlinear engineering issues. This algorithm efficiently approximated
global optima, proving its problem-solving abilities.’! also introduced Enhanced Partial Search Particle Swarm
Optimization, a cooperative multi-swarm strategy to improve PSO search behavior. By actively exploring global
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cancer dataset

Whale Optimization Algorithm (WOA)

other classifiers

Data
Authors | Source | Algorithm Used Advantages Limitations
1 ucl Variable Precision Neighborhood | - Effective feature identification.- Fault tolerance.- Utilized SVM - Rough set methods may be less suitable for
Rough Set Decision System for evaluation large datasets.- Limited to UCI datasets
0 UcI Spark framework with distributive | - Addrelsses scalability with large da'tasets through parallel - Increased processing time for larger datasets
rough set approaches processing.- Reduces features effectively
2 . o - Proposed a novel rough set-based feature selection method.- - Lack of dataset and context details.- Limited
UcCl Ant Lion optimizer - L X . X
Identifies minimal reducts evaluation and comparison with other methods
44 ?arreli:tr Rough set theory-based feature - Tailored for breast cancer classification.- Utilizes rough set theory | - Specific to breast cancer classification.- May
data selection algorithm for feature selection not apply to other types of datasets
%5 ucl Heuristic-based feature selection | - Utilizes heuristics and decision rules for feature subset selection.- | - Lack of dataset and context details.- Limited
within the rough set framework Focus on maintaining rule quality evaluation on specific applications
16 uct Greedy algorithm for multiple - Focuses on unique attribute selection to enhance dataset - Lack of dataset and context details.- May not
reducts optimality.- Explores multiple reducts generalize to various domains and datasets
. . . . o - Lack of dataset and context details.- Limited
47 . . . - Reduces the size of information systems horizontally.- Eliminates - . o
UClL Modified quick reduct algorithm RN R evaluation on specific applications.- May not be
objects in lower approximation :
suitable for all datasets
Table 1. Comparative Overview of Studies on Hybrid algorithms in NCD datasets.
Authors | Data Source Algorithm Used Advantages Limitations
8 Cagle breast - Improved breast cancer detection accuracy comparedto | Limited information about the dataset

Hybrid PSO and Cuckoo Search

Symmetrical Uncertainty (SU)

time

" . . . . . . .
UCI Algorithm Effectively approximates global optima Lacks information about the dataset

50 ucl ](E)nhgn;ed 'Partlal Search Particle Swarm | - Mitigates }he risk of parFlcles getting trapped in local - No specific dataset or context mentioned

ptimization optima.- Directs exploration towards global optima

2 UCI Hybrid PSO and Harmony Search - Consistent feature selection outcomes - Longer processing durations

5 Binary Genetic Swarm Optimization - Integrates local exploration to refine solutions.- Employs L .

53 R
UCL with PSO KNN and MLP as classifiers Limited information about the dataset

54 UCI Wrapper-centric framework with bio - Diminishes feature subsets with high precision - No specific dataset or context mentioned

inspired algorithms
55 ucl Hybrid feature selection with PSO and - Amplifies classification accuracy.- Reduces computational | No specific dataset or context mentioned

Gene expression
datasets

Bare-Bone Particle Swarm Optimization
(BBPSO)

- Enhances feature discretization in gene expression
datasets.- Augments KNN classifier performance

- Specific to gene expression datasets

Indian pines and
Toronto datasets

Hybrid PSO and GA with SVM

- Improves road identification accuracy in remote sensing
data.- Works within CPU processing constraints

- Limited to remote sensing datasets

Various datasets
including Breast
Cancer, Diabetes,

Weighted least square technique with
SVM and feature selection

- Mitigates class imbalance issues.- Enhances classifier
accuracy

- Dataset-specific approaches

precision

and Hepatitis
» UCL fégéz?:d single and multi-objective - Utilizes multiple classifiers and optimization strategies - No specific dataset or context mentioned
59 ucl Wrapper-drl.ven approach fusing PSO ) - Optimizes classification precision across various - No specific dataset or context mentioned
and correlation-centered feature selection | algorithms

60 UCI Asynchronous PSO - Ensures convergence through dynamic particle behavior | - No specific dataset or context mentioned

o1 UCI Binary PSO with Mutual Information ;etljetéltliiej entropy and mutual information for feature - No specific dataset or context mentioned

62 UCI Hybrid PSO and Differential Evolution - Designed for optimizing functions - No specific dataset or context mentioned

38 UCI Hybrid PSO and GA (PSOGA) - Swift convergence for multimodal function optimization | - No specific dataset or context mentioned
- Challenges with local optima and

63 UCI Hybrid PSO and GSA - Combines social thinking and search capabilities algorithmic complexity due to uniform
random variables

o4 UClL Hybrid GSASVM - Efficient feature selection and improved classification - No specific dataset or context mentioned

Table 2. Comparative Overview of Studies on Heuristic Algorithms in NCD datasets.

optima, this method reduces the danger of particles being stuck in local optima. This method is useful for
unconstrained optimization."

52 Combined PSO and Harmony Search for feature selection, producing consistent results but longer
processing times.>> Proposed a binary genetic swarm optimization-PSO combination using KNN and MLP
classifiers and local exploration to refine solutions.>* Presented a wrapper-centric framework using correlation-
based ensemble feature selection, bio-inspired algorithms including Differential Evolution, Lion Optimization,
and Glow Worm Swarm Optimization, and AdaBoostSVM for classification. This strategy reduced high-
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precision feature subsets. A hybrid feature selection strategy combining PSO and Symmetrical Uncertainty (SU)
can improve classification accuracy and save processing time when combined with Naive Bayes and J48°,% Used
KNN as a classifier in Bare-Bone Particle Swarm Optimization (BBPSO) to discretize gene expression dataset
characteristics.”” Introduced a hybrid PSO and GA technique using SVM for road identification in Indian
pines and Toronto datasets to improve classification accuracy within CPU processing restrictions®® Fine-tuned
features in Breast Cancer, Diabetes, and Hepatitis datasets using weighted least square with SVM, correlation-
based feature selection, and Sequential Forward Selection (SFS). This method reduced class imbalance and
improved classifier accuracy®. Introduced PSO-based single and multi-objective techniques, combining SVM,
KNN, Decision Trees, and Naive Bayes with mutual information and entropy*®. Developed a wrapper-driven
technique combining PSO and correlation-centered feature selection to enhance classification accuracy in
various algorithms, such as Naive Bayes, Decision Trees, and C4.5, RBE, KNN, and Bayesian classifiers®’. Ensured
convergence in asynchronous PSO via dynamic particle behavior. Entropy-rooted Binary PSOs with Mutual
Information were used with decision trees to choose features®"%2. Optimised functions using a hybrid PSO/DE
algorithm?®®. proposed a fast-convergent hybrid PSO-GA (PSOGA) for multimodal function optimization®.
used PSO and GSA in a hybrid method, combining social reasoning with search, but faced local optima and
uniform random variable algorithmic complication. Provided a hybrid GSASVM algorithm for efficient feature
selection and improved classification precision.

The requirement for empirical validation in feature selection is well-established, but this research emphasizes
customization, especially for non-communicable diseases. This work’s main novelty is adapting and customizing
feature selection algorithms for NCD research. Genetic Algorithms (GAs) and Particle Swarm Optimization
(PSO) are feature selection methods, but we focus on customizing them for NCD datasets. These chronic
disease patient datasets differ from machine learning datasets due to their many variables, complex nonlinear
interactions, and nuanced patterns*!. These dataset-specific complications suggest that present feature selection
approaches may not be suitable for NCDs. Empirical proof is essential to research, but a complete comparison
analysis spanning NCD-related datasets and disorders is logistically burdensome. We believe this research’s
strategy, which stresses NCD-specific feature selection strategies, is feasible and effective. It recognizes that NCD
study requires appropriate feature selection to maximize accuracy in their unique setting.

Proposed frameworks

This paper proposes a two-phase architecture to improve NCD classification accuracy and efficiency in Fig. 1.
H-GMRA, the initial phase in this work, selects features from an input dataset with substantial NCD attribute
variation. Thus, feature selection precedes data preparation to ensure data quality®®. QRA systematically analyzes
attribute space and generates many reducts that can be used as bases. Additionally, each reduct’s dependency
values are determined to quantify their relevance to NCD classification. H-GMRA uses the QRA-generated
reduct to identify minimum features with high dependency values, using the threshold dependency value

Proposed System

) Generation of
Preprocessing ediicts

Input Data -
Depende.ncy H-GMRA
Evaluation

[ Minimal Subsets with dependency values ]

Inetgrated PSO and Customized Fitness
RST Function

Performance
Evaluation

[ Optimized feature subsets with High dependency ]

values

Fig. 1. Detailed View of proposed system.
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- Population size (N)

- Threshold Gamma (ythresh)

- Number of selected features in QRA (1)

- Maximum number of generations (MaxGenerations)
- Crossover rate (CrossoverRate)

- Mutation rate (MutationRate)

Output
- Reduct MR
Steps:
1. Initialize the population P using InitializePopulation(N, r).
2. Create an empty set MR to store the selected reducts.
3. Initialize GenerationCount to 0.
4. While GenerationCount < MaxGenerations:

a. EvaluateFitness(P) using EvaluateFitness(P).
b. SortPopulationDescending(P) to sort the population P in descending order of
fitness.
c. Create a mating pool MatingPool using SelectMatingPool(P, CrossoverRate).
d. Create a new population NewP using GeneticOperations(MatingPool,
CrossoverRate, MutationRate).
e. Replace the old population P with NewP using ReplacePopulation(P, NewP).
f. Increment GenerationCount by 1.
5. CheckThresholdDependency(P, ythresh).
Return MR as the selected reducts.

o

7. Function Initialize Population(N, r)
8. Population =[]

9. Fori=1toN:

10. Individual = GenerateRandomBinaryString(r)
11. Population.append(Individual)

12. Return Population

13. Function EvaluateFitness(Population)

14. For Each Individual in Population:

15. DependencyRatio = CalculateDependencyRatio(Individual)
16. SetFitness(Individual, DependencyRatio)

17. Function SortPopulationDescending(Population)
18. Sort Population in descending order of fitness

19. Function SelectMatingPool(Population, CrossoverRate)

20. MatingPool =[]

21. NumMatingIndividuals = Round (CrossoverRate * PopulationSize)
22. MatingPool = Population [:NumMatingIndividuals]

23. Return MatingPool

Algorithm 1. Hierarchical Genetic Multiple Reduct Selection Algorithm (H-GMRA).

(ythresh) as the selection criterion®. Phase 2 will get subsets of reduced features with high dependency values
from Phase 1. The Phase 2 algorithm is CPSO-RST-NFS. This step starts with step 1’s reduced feature subsets. A
population of particles, each representing a subset of features, is initialized by the PSO component. It evaluates
particle fitness using a customized fitness algorithm based on subset feature counts and dependence values.
PSO iteratively refines subsets of features, altering particle positions based on fitness and how far from the
best each particle is®”. Thus, Phase 2 will generate upgraded feature subsets with higher classification accuracy
and computing efficiency. After CPSO-RST-NFS optimization, we compare the subsets’ performance to QRA
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24. Function GeneticOperations(MatingPool, CrossoverRate, MutationRate)
25. NewPopulation =[]

26. While Length(NewPopulation) < Length(MatingPool):

27. Parentl, Parent2 = RandomlySelectParents(MatingPool)

28. Offspring = PerformCrossover(Parent1, Parent2, CrossoverRate)

29. Offspring = PerformMutation(Offspring, MutationRate)

30. NewPopulation.append(Offspring)

31. Return NewPopulation

32. Function ReplacePopulation(CurrentPopulation, NewPopulation)
33. CurrentPopulation = NewPopulation

34. Function CheckThresholdDependency(Population, ythresh)
35. For Each Individual in Population:

36. If GetFitness(Individual) >= ythresh:

37. AddToReduct(Individual)

38. Function AddToReduct(Individual)
39. Add Individual to the set of selected reducts

40. Function SetFitness(Individual, DependencyRatio)
41. Set the fitness value of the individual to DependencyRatio

42. Function GetFitness(Individual)
43. Return the fitness value of the individual

44. Function GenerateRandomBinaryString(r)
45. BinaryString = RandomlyGenerateBinaryStringOfLength(r)
46. Return BinaryString

47. Function RandomlySelectParents(MatingPool)

48. Parent] = RandomlySelectIndividualFrom(MatingPool)
49. Parent2 = RandomlySelectIndividualFrom(MatingPool)
50. Return Parentl, Parent2

51. Function PerformCrossover(Parentl, Parent2, CrossoverRate)
52. If RandomNumber() <= CrossoverRate:

53. Offspring = Crossover(Parent1, Parent2)

54. Else:

55. Offspring = Parentl

56. Return Offspring

57. Function PerformMutation(Individual, MutationRate)
58. For Each Gene in Individual:

59. If RandomNumber() <= MutationRate:

60. Mutate Gene # Apply mutation to the gene

61. Return Individual

Algorithm 1. (continued)

subsets. The research will assist address all NCD classification issues and improve clinical forecasts and patient
recovery.

Two new feature selection algorithms are described in Sections "Selection" and "Genetic Operations". First,
we will introduce the Hierarchical Genetic Multiple Reduct Selection Algorithm (H-GMRA), which uses
genetic algorithms and rough set theory to pick optimal features. H-GMRA will use a new parameter, threshold
dependency ratio, to ensure feature relevance. The difficulty of high-dimensional datasets is widespread in
current, data-driven research. CPSO-RST-NFS, a unique NCD feature selection technique, combines PSO
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Input

e NCD Dataset (I)

e Conditional Attributes (CA)

e Decision Attributes (DA)
Output

o Best Subset of Features

Steps

1. Initialization
InitializePopulation(l, D)
SetLearningFactors()
Specify TerminationConditions()
2. Fitness Evaluation:
CalculateFitness(Pop)
3. Objective Function (Customized Function):
CustomizedObjective(Gamma, CountSelected, CustomParameter)
4. Personal Best and Global Best
UpdatePersonalBest(Pop, Perbest)
IdentifyGlobalBest(Pop, Glbest)
5. Particle Update
UpdateVelocity(Pop)
UpdatePosition(Pop)
6. Dependency Ratio Calculation:
CalculateDependencyRatio(SelectedFeatures)
7. Termination Condition:
Check if the termination condition (e.g., reaching MaxIter) is met. If not,
return to step 4.
8. Result
Return the feature subset corresponding to the Glbest particle as the selected
features.

9. Function InitializePopulation(I, D)

10. Initialize a population of particles randomly
11. Initialize velocity and position for each particle
12. Set the number of particles and dimension

13. Function SetLearningFactors
14. Assign values to the learning factors (L1, L2.)

15. Function SpecifyTerminationConditions
16. Define termination conditions (maximum number of iterations)

17. Function CalculateFitness(Pop)
18. For each particle in the population:
19. Calculate the fitness based on the CustomizedObjective function

20. Function CustomizedObjective(Gamma, CountSelected, CustomParameter)
21. Compute the objective function value based on your customized formula
22. Return the objective function value

Algorithm 2. Customized Function-based Particle Swarm Optimization with Rough Set Theory for NCD
Feature Selection (CPSO-RST-NFS).
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23. Function UpdatePersonalBest(Pop, Perbest)

24. For each particle in the population:

25. If the current fitness is better than the personal best fitness:
26. Update the personal best fitness and position

27. Function IdentifyGlobalBest(Pop, Glbest)

28. For each particle in the population:

29. If the personal best fitness is better than the global best fitness:
30. Update the global best fitness and position

31. Function UpdateVelocity(Pop)

32. For each particle in the population:

33. Update the velocity based on PSO equations

34. Function UpdatePosition(Pop)

35. For each particle in the population:

36. Update the position based on the new velocity

37. Function CalculateDependencyRatio(SelectedFeatures)
38. Calculate the dependency ratio based on your Rough Set Theory algorithm

39. Function CheckTerminationCondition
40. Check if the termination condition ( maximum number of iterations) is met
41. If met, return true; otherwise, return false

42, Function GetSelectedFeatures(Glbest)
43. Return the feature subset corresponding to the global best particle as the selected
features

Algorithm 2. (continued)

and RST. It balances classification performance and computing economy using a multi-objective function®.
These include a customizable goal function that adapts to research and problem domains. Its focus on non-
communicable illness research makes CPSO-RST-NFS a unique healthcare contribution.

Phase 1: H-GMRA

The current data-rich environment requires feature selection to avoid overfitting in machine learning models
by selecting critical characteristics, enhancing model accuracy and minimizing dimensionality. Supervised,
unsupervised, and semi-supervised feature selection methods are used in this work. Filter, wrapper, and
embedding models use Forward Selection, Backward Elimination, and Heuristic-Based Selection to remove
redundant features during supervised feature selection®.

H-GMRA algorithm and its components

The H-GMRA optimizes feature selection in high-dimensional datasets using rough set theory genetic
algorithms. H-GMRA iteratively selects relevant features and excludes irrelevant attributes using a threshold
dependence ratio to improve classification accuracy. This method navigates feature subset complexity, making it
ideal for high-dimensional data applications. So, these basic component parts of this algorithm may be further
broken down into:

Input parameters

o Population Size (N): The number of individuals in the population, each representing a potential subset of
features.

o Threshold Gamma (ythresh): A predefined threshold for the dependency ratio, ensuring that selected reducts
meet a certain level of dependency.

o Number of Selected Features in Quick Reduct Algorithm (r): The number of features selected by the Quick
Reduct Algorithm.

o Maximum Number of Generations (MaxGenerations): The maximum number of iterations the algorithm
will run.

« Crossover Rate (CrossoverRate): The probability of applying crossover during genetic operations.

o Mutation Rate (MutationRate): The probability of applying mutation during genetic operations.

Initialization

Initialize a population P with N individuals. Each individual is represented as a string of bits of length r so that
1 stands for the presence of a feature, while 0 corresponds to its absence. This means the initialization of the
population would be random.
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Fitness assessment

Evaluate the fitness of every individual in the population according to (y) for DA. At this step, the extent by
which every individual will contribute towards the power of discernment of the objects in the dataset will be
calculated.

Selection

Sort the population in decreasing order of fitness, making sure that those having higher dependency ratios are
in the front. After that, choose the best of the individuals to enter into a mating pool where the percentage of the
best selected is based on the Crossover Rate.

Genetic operations

Create a new population (NewP) by applying genetic operations (crossover and mutation) to the individuals in
the mating pool. Crossover combines attributes from two parents, while mutation introduces small changes in an
individual’s attributes. The probability of applying crossover and mutation is determined by the CrossoverRate
and MutationRate, respectively.

Replacement
Replace the old population (P) with the new population (NewP), continuing the evolutionary process.

Iterative refinement

Repeat the evaluation, selection, genetic operations, and replacement steps for a predefined number of
generations (MaxGenerations). This iterative process allows the algorithm to explore different combinations of
features.

Threshold dependency check
After the specified number of generations, filter the final population based on the threshold dependency ratio
(ythresh). Individuals whose dependency ratios meet or exceed this threshold are considered selected reducts.

Output
Return the selected reducts (MR) as the final result of the algorithm, representing the most relevant subset of
features.

The Hierarchical Genetic Multiple Reduct Selection Algorithm (H-GMRA) selects the most important
dataset properties. The approach uses evolutionary algorithms to iteratively select features that enhance
classification accuracy while considering a threshold dependence ratio. Binary encoded individuals are used to
start this process, and their dependency ratios determine their fitness. The greatest Matting pool is chosen to
undergo crossover and mutation to generate a new population. It updates generations till the limit is reached.
Finally, selected reductions will include people with dependency ratios above the threshold. H-GMRA reduces
dimensionality systematically making it suited for complicated data sets and classification tasks.

Phase 2: CPSO-RST-NFS

The rise of new infectious diseases challenges medical prediction and diagnosis. Most NCDs are linked to other
health issues. Removing unnecessary and superfluous attributes improves prediction accuracy. Basic feature
selection for disease diagnosis is done using heuristic methods. These algorithms specialize in certain fields
or problems because they solve different datasets differently. We will provide meta-heuristic techniques that
are adaptable and random to address this issue. Filter-based feature selection solves challenges distinct from
the induction process in a straightforward, rapid, and impartial manner*’. Evolution-inspired algorithms were
created by researchers®’.

CPSO-RST-NFS algorithm and its components
This paper proposes Algorithm 2 (CPSO-RST-NES) to efficiently choose NCD dataset features. The method
seeks to choose only important data features without losing integrity and improve classification accuracy. It does
this by combining PSO and Rough Set Theory to their advantage. Rough Set Theory discovers data dependencies
to define meaningful feature subsets, while PSO provides rapid convergence and simplicity for feature selection.
It works with a Multi-Objective Function to balance fitness and feature count like a bi-objective function to
optimize classification performance and computing efficiency®. Due to its considerable customization potential,
CPSO-RST-NEFS was chosen to ensure data quality and optimize NCD dataset classification outcomes.

The CPSO-RST-NES algorithm consists of several components that work together to perform feature
selection in the context of NCD datasets. Let’s break down the key components of this algorithm:

Initialization

« InitializePopulation(I, D): This component initializes the population of particles. In the context of feature
selection, each particle represents a potential subset of features.

o SetLearningFactors(): Learning factors, such as L1 and L2, are assigned to control how particles explore the
solution space during optimization.

o SpecifyTerminationConditions(): Termination conditions are defined to determine when the algorithm
should stop. Common conditions include reaching a maximum number of iterations or achieving a specific
fitness threshold.
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Fitness evaluation (CalculateFitness)

« This component calculates the fitness value for each particle in the population. Fitness represents how well a
particular subset of features performs in terms of classification accuracy. The objective function, which incor-
porates the customized function, is used for fitness evaluation.

Objective function (Customized Function)

« The objective function is a crucial part of the algorithm. It quantifies the quality of a feature subset. It consid-
ers various factors, including the dependency ratio (Gamma), the count of selected attributes, and a custom
parameter. The objective function guides the optimization process by assigning fitness values to particles.

Personal best and global best

o UpdatePersonalBest(Pop, Perbest): This component updates the personal best positions for each particle.
Personal best positions represent the best solution encountered by each particle so far.

« IdentifyGlobalBest(Pop, Glbest): The global best particle is identified from the population. It represents the
overall best solution found by any particle in the entire population.

Particle update

« UpdateVelocity(Pop): This step updates the velocity of each particle based on its current position, personal
best position, and global best position. Velocity controls how particles explore the solution space.

« UpdatePosition(Pop): The particles’ positions are updated based on their velocities. Based on this update, a
new subset of features is determined for every particle.

Dependency ratio calculation: calculatedependencyratio(SelectedFeatures)
This calculation uses the concept of Rough Set Theory to compute the dependency ratio that gives Gamma for the
selected features. This ratio comes in handy when assessing if the chosen features are relevant for classification.

Termination condition

o The algorithm checks termination conditions to decide whether to continue or stop the optimization process.
Common conditions include reaching a maximum number of iterations or achieving a predefined fitness
threshold.

Result
After termination, the method returns the global best particle feature subset. Select features improved for
classification accuracy are in this subgroup. Together, these components help the program choose a suitable
NCD dataset subset. The algorithm optimizes the goal function and considers numerous aspects to improve
classification accuracy while minimizing features, making it useful for feature selection in healthcare and NCD
research.

Objective function customization
Our feature selection methodology’s objective function customization is innovative and important. Traditional
feature selection algorithms include GAs and PSO™. Our technique is unique because we deliberately and
problem-tailor the objective function. Customization takes NCD requirements and restrictions into account. A
basic goal function balances the quantity of selected features with the classification model’s accuracy. In NCD
research, feature selection optimization can greatly affect algorithm efficiency’!. In our optimization problem,
the objective function can be built according to domain requirements and restrictions, but it may also need to
be customized.

We now introduce a custom-made objective function to serve as a means through which we can inject
mathematical insight into the optimization process.

The general form of our objective function we define as:

objective function = a * vy — b * % + f(x) (4)

o aand b are constants.

o y (Gamma) is the dependency ratio calculated using Rough Set Theory.

o Ris the sum of resulting attributes.

« Dis the total of conditional attributes.

* f(x) can be any user-defined mathematical function depending on the need of your research.

It will be necessary to introduce a custom mathematical function, denoted as f(x), so that certain characteristics
of our optimization problem can be accounted for. This will enable the tuning of the objective function into
conformance with our research objectives.
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f (x) = sin () (5)

x can be an angle or any other optimization issue parameter. The sine function makes the goal function periodic,
which may help in optimization difficulties. Our customized objective function can be tailored to our research
domain wants and desires. This will let us study how periodicity affects optimization, which may be interesting
in some circumstances. Applying the angle parameter x=m / 4 (45 degrees in radians) is a reliable choice for
several optimization objectives. First, it's a common angle in mathematics and engineering, so readers can
understand it. A second argument is that radians simplify the trigonometric element of our target function
and follow mathematical convention. This clarifies and standardizes a universal service and can be tweaked to
improve our approach. Additionally, x=m/4 may be relevant to our research domain, explaining its selection.
Our optimization strategy is based on the strong foundation of mathematical clarity, adaptability for testing, and
possible domain relevance of x=m/4.

Objective function customization has two roles in our research. It will adjust the optimization technique to NCD
datasets’ unique demands. This will also show how periodicity affects optimization in a dimension that may be
useful. Our methodology, specialized to NCD research, relies on objective function customization to strike this
delicate balance between feature count and excellent accuracy.

Experimental setup

NCDs are one class of non-communicable chronic diseases mainly represented by Cardiovascular Disease,
Diabetes, Cancer, and Liver Disease, responsible for 71% of the world’s deaths according to the World Health
Organization®®. In the present study, the above four are focused on regarding NCD categories. The proposed
algorithm is implemented in MATLAB 2016a on a system with an i5 processor, 64-bit Windows 8 OS, operating
at 2.60 GHz, and equipped with 4 GB of RAM. For this study, it has selected those datasets corresponding to
the NCD categories from the UC Irvine Machine Learning Repository, UCL In this regard, each dataset was
fed individually to the proposed feature selection algorithms and their accuracies were compared in disease
diagnosis. Here, it is important to mention that all datasets used in this study are binary datasets whose target
variables have two different classes: 0 for a healthy person and 1 for a patient. These datasets have represented a
broad spectrum of NCDs and data types, thus allowing for the evaluation of the efficacy of H-GMRA in feature
selection and disease diagnosis for various healthcare applications. Table 3 gives the Summary of datasets.

Classification techniques

These three different classifiers are implemented in this work: Support Vector Machine (SVM)®’, Decision Trees
(DT)*, and Naive Bayes (NB)?. Each one of them is very different and appropriate to different types of datasets
or feature selection methods.

Support vector machine

Due to its efficiency in high-dimensional data and complex decision boundaries, SVM is suitable for datasets
with multiple features. SVM also works with linear and nonlinear data, making it flexible for varied NCD
datasets. It handles skewed datasets well, which is common in health data where some diseases are rare.

Decision trees

Decision Trees are straightforward to read and can explain which features classify diseases best. They can handle
categorical and continuous data, which is essential for clinical datasets with multiple attribute types. They can
also find non-linear correlations between characteristics and outcomes, enhancing SVM performance.

Naive bayes

The research utilizes Naive Bayes, a computationally efficient probabilistic classifier, to explore feature subsets in
tiny datasets. The assumption of feature independence is sometimes a good approximation. Especially effective
for categories or text properties. The classification performance baseline provided by NB may assist researchers
estimate feature selection method improvements. Thus, employing three classifiers, this research covered a wide

S.No | Datasets Used Data type Total Features | Instances | Class
1 SPECTF”? Integer, Real 44+1 (Class) | 267 0,1)
2 PIMA” Categorical 8+1 (Class) 768 0,1)
3 Breast Cancer’? | Categorical 9+1 (Class) 286 0,1)
4 WBCD”* Real 31+1 (Class) | 569 0,1)
5 WBCP’® Real 31+1(Class) | 198 (0,1)
6 Liver Disorder”’ g:etjgorical, Integer, | o (Class) 345 0,1)
7 ILPD”8 Integer, Real 10+1 (Class) | 583 0,1)
8 Hepatitis™® Categorical, Integer, | 19 ) (Class) | 155 0,1)

Real

Table 3. Summary of datasets.
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range of NCD data sets and feature selection methods to test the suggested algorithms on different circumstances
and attribute kinds. Using NB, SVM, and DT classifiers, the algorithms will be tested for adaptation to varied
data distributions and complexities. The system receives NCD data. Raw data may be absent or inconsistent, thus
it must be processed before knowledge discovery. Figure 2 3! shows classification.

Performance metrics
Numerous classification algorithms are available and continuously introduced. Assessing the effectiveness of
these classifiers requires evaluating their performance. Various metrics are advocated as essential for accurately
assessing the capabilities of an algorithm as a classifier**.

Mathematically, Sensitivity is defined as

TP

Sensitivity = TP L FN (6)
Specificity expressed as:
TN
e ”
Speci ficity TN+ FP (7)
Precision computed as:
. TP
Precision = TP+ FD (8)
Accuracy can be expressed mathematically as:
TP+ TN
Accuracy = + 9)

TP+TN+ FP+ FN

F1-score computed as:

Precision * Recall
F1-S8 =2 10
core * Precision + Recall (10)

Kappa statistics quantify the agreement between observed accuracy and expected accuracy. This application is
particularly valid in health and disease prediction, showing that the performance of the classifier is superior to
random chance.

P, —P.

KS: ﬁ (11)

Phase 1: result analysis

It guides H-GMRA in QRA for determining reduct set dependence value and cardinality. The suggested
H-GMRA uses the QRA threshold gamma value and a 50-person population. H-GMRA and conventional QRA
are compared on NCD datasets in this section. The comparison focuses on two areas. First, algorithms are
assessed by reduct count and dependence ratio. Second, the best fitness values of both algorithms are compared.

Load NCD
Dataset

Training Data Testing Data
Y
[ Classification Model
[ Prediction Disease

Fig. 2. # Classification process.
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H-GMRA created a 21-attribute reduct with a dependence ratio of 0.8147 for the SPECTF heart dataset.
H-GMRA's reduct set had different features than QRA, improving dependence accuracy by 3.57%. H-GMRA
produced four reducts for the PIMA diabetic dataset, three of which had greater dependency ratios than QRA.
The increased dependence accuracy values were 4.21, 4.08, and 3.69 higher than QRA. In the breast cancer
dataset, H-GMRA produced two reducts with highest dependency ratios of 0.9683 and 0.9532 representing
2.22% and 0.71% increases. One of the WBCD dataset’s two reducts had a maximum ratio of 0.8134, 1.48%
greater than the QRA result. The WBCP dataset matched the QRA outcome, reducing two features. Extended
computation time prevented us from presenting the ovarian cancer dataset’s results. The liver dataset has five
reduct attributes: two with dependence ratios of 0.9546 (a 3.74% improvement), 3.1% and 0.62%, and one with
the same ratio but different characteristics. The ILPD dataset produced seven attributes with a dependency ratio
of 0.9516, 2.89% greater than QRA. Finally, the hepatitis dataset yielded two reducts with a dependence ratio
of 0.9565, a 2.12% improvement. Table 4 displays the reducts and dependence ratios for several NCD datasets,
including dataset name, QRA and H-GMRA reducts, and their yYQRA and yH-GMRA dependency ratios.

H-GMRA created a single reduct with 21 attributes, including F1R, F1S, F2R, F2S, and others, using the
SPECTF heart dataset, resulting in an outstanding dependence ratio of 0.8147. Twelve of these 21 traits appear
to be linked to stress. H-GMRA's reduct set has 3.57% higher dependence accuracy than QRA’s. However, both
algorithms share 11 properties, including F1R, F2R, F2S, and others. On the PIMA diabetes dataset, H-GMRA
identified 7 attributes—Pregnancies, Glucose, Skin Thickness, Insulin, BMI, Diabetes Pedigree Function, and
Age—with a dependency ratio of 0.8724, surpassing QRA by 4.21%. Pregnancies, glucose, blood pressure, skin
thickness, insulin, and pedigree function were shared by both methods. H-GMRA selected age, menopause,
inv-nodes, deg-malig, and breast-quad for the breast cancer dataset, resulting in a maximum dependency ratio
of 0.9683, a 2.22% improvement. QRA and H-GMRA shared tumor size and node-caps. H-GMRA found 6
features with a maximum ratio of 0.8134 for WBCD, 1.48% greater than QRA. Interestingly, both algorithms
detected 3 traits. H-GMRA produced the same dependency results as QRA on the WBCP dataset, resulting in a
reduct set of 2 features with distinct properties. First and second reducts shared 12 and 8 features, respectively.
QRA findings for ovarian cancer are not shown here because to longer computation time.In the Liver dataset,
H-GMRA found 2 reducts. The first reduct had mcv, alkphos, sgpt, gammagt, and beverages. The second reduct
was same except sgot replaced sgpt. The maximum dependence ratio of these reducts was 0.9546, a 3.74%
improvement. Along with gammagt and beverages, both reducts shared alkphos, sgpt, and sgot with the QRA
reduct.On the ILPD dataset, H-GMRA reduced age, gender, DB, Alkphos, TP, ALB, and A/G to 0.9516, a greater
dependence ratio. This ratio was 2.89% greater than QRA. Age, gender, alkphos, alb, and A/G were shared by
both algorithms. H-GMRA reduced sex, anorexia, spiders, ascites, SGOT, and albumin for the hepatitis dataset,
improving dependency ratio by 2.12%. Both algorithms recognized sex, anorexia, ascites, SGOT, and protime
as common traits. All liver disease datasets showed alkphos, sgot, and sgpt. This emphasizes the importance of
these three traits in identifying liver illness. Table 5 shows the best H-GMRA and QRA reducts for each NCD
dataset. It shows the reduct with the largest threshold dependency from both techniques. Most datasets showed
greater ‘y’ values for H-GMRA compared to QRA, except for WBCP, where results were similar. The highest
dependency values were highlighted.

QRA H-GMRA
S.No | Dataset Reducts YQRA | Reducts YH-GMRA
1 SPECTF {8,5,1,4,11,6,3,10,18,12,7,27,31,20,2,4,32,28,30,36,40,41} | 0.7790 | {1,2,3,4,5,6,8,11,12,17,19,20,21,23,26, 27,30,35,36,39,42} | 0.8147
{1,2,4,5,6,7,8} 0.9145
{1,2,3,4,5,6,7} 0.9132
2 Diabetes {7,2,8,4,1,3,5} 0.8724
{1,2,3,4,6,7,8} 0.8621
{1,2,3,4,5,7,8} 0.9093
{2,3,4,7,9} 0.9683
3 Breast Cancer | {4,3,5,8,6} 0.9461
{3,4,5,7,8} 0.9532
{1,13,21,23,25,27} 0.8134
4 WBCD {1,3,14,22,24,27} 0.7986
{2,4,17,20,22,27} 0.7986
{3,4,5,11,12,14,16,20,24,26,27,30,31} 0.8134
5 WBCP {11,3,12,14,24,4,6,16,20,26,27,30,31} 0.8134
{3,4,7,11,12,15,16,20,24,26,29,30,31} 0.8134
{1,2,3,5,6} 0.9546
{1,2,4,5,6} 0.9482
6 Liver Disorder | {3,5,2,6,4} 0.9172 | {1,2,3,4,6} 0.9546
{1,3,4,5,6} 0.9234
{2,3,4,5,6} 0.9172
7 ILPD {3,8,1,10,5,2,9} 09177 | {1,2,4,5,7,9,10} 0.9417
{2,7,11,12,16,17} 0.9565
8 Hepatitis {17,18,2,7,12,16} 0.9353 | {1,2,7,10,15,18} 0.9518
{2,7,10,16,17,18} 0.9353

Table 4. Feature Selection Results for QRA and H-GMRA on Various Datasets.
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QRA H-GMRA
S.No | Dataset Reducts YQRA | Reducts YH-GMRA
1 SPECTF {8,5,1,4,11,6,3,10,18,12,7,27,31,20,24,32,28,30,36,40,41} | 0.7790 | {1,2,3,4,5,6,8,11,12,17,19,20,21,23,26, 27,30,35,36,39,42} | 0.8147
2 Diabetes {7,2,8,4,1,3,5} 0.8724 | {1,2,4,5,6,7,8} 0.9145
3 Breast Cancer | {4,3,5,8,6} 0.9461 | {2,3,4,7,9} 0.9683
4 WBCD {1,3,14,22,24,27} 0.7986 | {1,13,21,23,25,27} 0.8134
{3,4,5,11,12,14,16,20,24,26,27,30,31} 0.8134
5 WBCP {11,3,12,14,24,4,6,16,20,26,27,30,31} 0.8134
{3,4,7,11,12,15,16,20,24,26,29,30,31} 0.8134
{1,2,3,4,6} 0.9546
6 Liver Disorder | {3,5,2,6,4} 0.9172
{1,2,3,5,6} 0.9546
7 ILPD {3,8,1,10,5,2,9} 0.9237 | {1,2,4,5,7,9,10} 0.9516
8 Hepatitis {17,18,2,7,12,16} 0.9353 | {2,7,11,12,16,17} 0.9565
Table 5. Optimal reducts for QRA and H-GMRA on Various Datasets.
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Fig. 3. Comparison of dependency values on NCD datasets.

Figure 3 shows that H-GMRA identifies smaller reducts with higher dependency ratios than QRA. Additionally,
H-GMRA generates numerous reducts for each dataset while maintaining or improving dependence ratio.
Figure 4 shows that H-GMRA routinely delivers reducts that outperform QRA. Certain datasets have identical
H-GMRA and QRA dependency ratios but different feature selections. These findings show that the suggested
approach can select features in NCD datasets. Multiple reducts may have overlapping properties, which might
affect classification.

Phase 2: result analysis

MATLAB R2016a was used on a 2.60 GHz i5 processor, 64-bit Windows 8, and 4 GB RAM PC for research. The
algorithm applied to eight NCD datasets. This section discusses algorithm performance and compares CPSO-
RST-NFS to Quick_Reduct and H-GMRA.

The algorithm’s hyperparameter setup ability is crucial for NCD dataset feature selection. The experiment
hyperparameter settings are listed in Table 6. The settings were carefully chosen to balance feature selection and
classification accuracy.

N determines the number of particles, while maximum iterations limits the optimization cycles. Particle
exploration/exploitation is controlled by learning factors L1 and L2. The goal function's Gamma significance
is controlled by custom parameters a and b. The optimization technique includes periodicity when adding any
custom mathematical function f(x), including sin(x). To simplify trigonometric features, the argument angle, x,
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Fig. 4. Comparison based on number of reducts on NCD datasets.

Hyper parameter Value/Setting
Population Size (N) 50
Maximum Iterations 100

Learning Factor (L1) 1.5

Learning Factor (L2) 1.5

Custom Parameter (a) | 0.8

Custom Parameter (b) | 0.2

Custom Function (f(x)) | sin(x)

Angle Parameter (x) /4 (45 degrees in radians)

Table 6. Hyper parameter Settings for CPSO-RST-NFS Algorithm.

was adjusted to 1/4, or 45 degrees in radians, as per mathematical use. We selected these hyper-parameters to
best reflect NCD dataset feature selection settings while maintaining algorithmic clarity and efficiency. Iterative
tests were used to balance feature relevance and computing efficiency during configuration. These settings can
be adjusted to explore their effect on optimization outcomes, making CPSO-RST-NFS algorithm suitable for
research under certain conditions.

The CPSO-RST-NFS algorithm is customized to maximize dependence value and minimize attribute set.
This algorithm is always evaluated against QRA and H-GMRA. This approach is distinguished by its new goal
function, which finds the optimal reduct with a high dependency value of 1 and a low feature count. Table 7
summarizes the performance of the CPSO-RST-NFS algorithm on non-communicable disease datasets.

Summary of the key findings is as follows:

o SPECTF Heart Disease Dataset: The algorithm achieved a best fitness value of 0.4675with a reduction of
72.73% in the number of features (from 44 to 12 attributes).

« Diabetes Dataset: It resulted in a 50% reduction in features with a best fitness value of 0.4254

o Breast Cancer Dataset: The algorithm obtained a best fitness value of 0.4487, reducing the feature set by
55.56%%.

o WBCD (Wisconsin Breast Cancer Database) Dataset: The algorithm reduced the attribute set by 70.97%,
achieving a best fitness value of 0.4532.

o WBCP (Wisconsin Breast Cancer Prognostic) Dataset: This dataset had the best fitness value of 0.4678, with
a substantial 70.97% reduction in features.

« Liver Disorder Dataset: The algorithm resulted in the best fitness value of 0.4182with only 5 selected attrib-
utes.
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NCD No. of Selected

Datasets Total Features | Features YCPSO-RST-NFS | Best Fit | Selected Features

SPECTF 44 12 1 0.4675 1,2,5,9,11, 13, 18, 19, 20, 30, 36, 42
Diabetes 8 4 1 0.4254 |2,4,5,6

Breast Cancer |9 4 1 0.4487 |2,3,6,8

WBCD 31 9 1 0.4532 | 2,4,9,10, 12, 16, 20, 27, 30

WBCP 31 9 1 0.4678 1,3,6,7,12,16,17, 26, 31

Liver Disorder |6 5 1 0.4182 1,3,4,56

ILPD 10 6 1 0.4393 1,2,5,6,8,9

Hepatitis 19 6 1 0.4665 1,2,3,11, 14,17

Table 7. Best Fitness Value of CPSO-RST-NFS Algorithm.

QRA H-GMRA CPSO-RST-NFS
Dataset No. of Selected Features | yQRA | No. of Selected Features | yH-GMRA | No. of Selected Features | yCPSO-RST-NFS
SPECTF 21 0.7790 | 21 0.8147 12 1
Diabetes 7 0.8724 |7 0.9145 4 1
Breast Cancer |5 0.9461 | 5 0.9683 4 1
WBCD 6 0.7986 | 6 0.8134 9 1
WBCP 13 0.8134 | 13 0.8134 9 1
Liver Disorder |5 09172 |5 0.8134 5 1
ILPD 7 0.9237 |7 0.9546 6 1
Hepatitis 6 0.9353 | 6 0.9546 6 1

Table 8. Comparison of QRA, H-GMRA and CPSO-RST-NES.

o ILPD (Indian Liver Patient Dataset): It achieved a best fitness value of 0.4393, reducing the feature set by 40%.
« Hepatitis Dataset: The algorithm identified a subset of 6 features, representing a 68.4% reduction from the
original set, with the best fitness value of 0.4665.

CPSO-RST-NES reduced NCD dataset dimensionality while preserving or improving feature quality. The
algorithm found the global optimum in feature selection by include the golden ratio, making it a promising
method to dimensionality reduction in these data sets.

Comparative analysis of proposed CPSO-RST-NFS with QRA and H-GMRA methods — by
number of selected features and by value of the dependency
Table 8 compares the proposed CPSO-RST-NES technique to QRA and H-GMRA based on number of selected
features and dependency value. This Table 8 shows how far the method under consideration is ahead of these
two classification algorithms in feature selection and dependence value. This is necessary to evaluate CPSO-RST-
NES’s feature set optimization with maximum relevance feature selection against the other two.

A comparison of the proposed CPSO-RST-NES algorithm with QRA and H-GMRA in terms of the number
of selected features and the dependency value makes it clear that this is effective when applied in feature selection.

o SPECTF Dataset: CPSO-RST-NFS achieved a 42.86% reduction in features compared to QRA and H-GMRA,
while also improving the dependency accuracy by 28.43%.and 22.75% respectively.

o Diabetes Dataset: The proposed algorithm, CPSO-RST-NFS, selected 4 features, representing a 42.86% reduc-
tion in features and an 11.52% improvement in dependency ratio.

o Breast Cancer Dataset: CPSO-RST-NFS resulted in a minimal feature set similar in size to QRA and H GMRA
with an additional 4.91% dependency parsing accuracy.

o WBCD Dataset: While CPSO-RST-NFS selected more features (9) than the other algorithms, it achieved a
substantial 24.82% increase in dependency value.

o WBCP Dataset: CPSO-RST-NFS improved the dependency value by 22.93% compared to QRA and H-GM-
RA.

« Liver Disorder Dataset: This dataset saw an improved dependency value of 9.06% with the CPSO-RST-NFS
algorithm.

« ILPD Dataset: For this dataset, CPSO-RST-NFS increased the dependency ratio by 8.12%.

« Hepatitis Dataset: CPSO-RST-NFS improved the dependency ratio by 7.29%.

Figure 5 shows CPSO-RST-NES’s feature selection compared to QRA and H-GMRA. Other than the WBCD
dataset, CPSO-RST-NFS chooses less characteristics. Despite selecting additional features in WBCD, CPSO-
RST-NFS has a high dependence ratio of 1. These findings demonstrate how well the proposed technique reduces
feature set size and improves dependency values for various datasets. Figure 6 graphically compares dependency
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Number of Selected Features by Different Algorithms across Datasets
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Fig. 5. Comparison based on number of features on NCD datasets.
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Fig. 6. Comparison based on dependency values on NCD datasets.

levels utilizing the proposed CPSO-RST-NFS algorithm, QRA, and H-GMRA. CPSO-RST-NES outperformed
the other two algorithms by assigning all datasets a maximum dependence value of 1. This graph shows that the
CPSO-RST-NFS method can minimize features to maximize dependency and fitness for different NCD datasets.
These findings demonstrate the algorithm’s ability to minimize features while maintaining relevance, making it
suitable for NCD dataset feature set optimization.
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Performance analysis based on classifiers

The NCD dataset’s performance on feature subsets from QRA, H-GMRA, and CPSO-RST-NFS algorithms will be
evaluated using Naive Bayes, Decision Trees, and SVM. All Weka experiments followed tenfold cross-validation,
which divides datasets into training and test subsets. The algorithms were evaluated using classification accuracy,
Sensitivity, Specificity, Precision, F-Score, Kappa Statistic, and Root Mean Squared Error.

Evaluation based on classification accuracy.

This section compares the classification accuracy of QRA, H-GMRA, and CPSO-RST-NFS algorithms utilizing
support vector machines, decision trees, and Naive Bayes. Each NCD dataset is evaluated similarly. Table 9
shows the analysis results. This investigation consistently shows that CPSO-RST-NFS classifies best in most
NCD datasets. The analysis reveals that SVM is most accurate for five data sets, Naive Bayes for four, and
Decision Trees for three. This approach outperforms the others in accuracy when combined with the classifier
in all datasets. The CPSO-RST-NES technique is robust with many classifiers to ensure excellent classification
accuracy across NCD datasets. Thus, it excels at feature selection and classification, with promising outcomes in
practical applications.

Some classifiers do well on datasets. The CPSO-RST-NFS algorithms and Decision Trees achieved 87.3%
accuracy on the SPECTF dataset. SVM accuracy was 77.1% for Diabetes and 73.8% for Breast Cancer. Decision
Trees were most accurate on the WBCP dataset at 97.9%. The Naive Bayes classification performed best on the
Liver Disorder dataset, with an accuracy of 79.2%. SVM had 75% accuracy on the ILPD dataset in all three
algorithms. On the Hepatitis dataset CPSO-RST-NES achieved accuracy of 85% for SVM classifier. Figure 7
shows CPSO-RST-NFS-based classification findings.

CPSO-RST-NEFS excels Accuracy Considering All Features, QRA, and H-GMRA across datasets. CPSO-RST-
NFS had the greatest DTaccuracy on the SPECTF dataset at 87.3%, 3.7% better than H-GMRA DT and 15.8%
better than DT with all features. The Diabetes dataset showed CPSO-RST-NFS with SVM accuracy of 86.7%,
9.6% and 10.1% better than H-GMRA and all features. In the Breast Cancer dataset, CPSO-RST-NFS had 77.1%
accuracy using NB, 3.1% and 4.8% better than H-GMRA and all characteristics. CPSO-RST-NFS with SVM
outperformed H-GMRA SVM by 1.9% and all features SVM by 3.1% on WBCD (Fig. 8). In WBCP, CPSO-
RST-NFS with DT scored 97.9%, 1.9% higher than H-GMRA and 8.3% higher than all features DT (Fig. 9). In
the Liver Disorder dataset, CPSO-RST-NFS with NB outperformed H-GMRA NB by 9.8% and all features NB
by 23.8% with 79.2%. On the ILPD dataset, CPSO-RST-NFS with DT scored 72.4%, 4.6% and 6.6% better than
H-GMRA and all features DT. Final results in the Hepatitis dataset showed CPSO-RST-NFS with NB at 85.7%,
up 0.7% from H-GMRA NB and 2.4% from all features NB (Fig. 10). On all datasets and classifiers, CPSO-RST-
NES performed best. Despite initially lower accuracies, it performed well in Liver Disorder and SPECTE, as well
as WBCD and WBCP. These results demonstrate the usefulness of the CPSO-RST-NFS algorithm in improving
classification accuracy across NCD datasets.

The comparison of the algorithms based on other evaluative measures.

Classifier performance evaluation includes Sensitivity, Specificity, Precision, F1-Score, Kappa Statistics, and
more beyond classification accuracy. Specificity shows real negatives, while Sensitivity shows true positives.
Sensitivity and Specificity often trade off, with increasing one decreasing the other. These measurements are
independent and depend on forecasts. RMSE, MAE, and ER are error-related indicators, hence lower values
indicate better model performance. RMSE is useful for evaluating prediction model quality. Table 9 shows
how selected features perform across NCD datasets using various classification techniques, revealing classifier
usefulness beyond accuracy.

Figure 11, Fig. 12, Fig. 13, Fig. 14, Fig. 15, Fig. 16, Fig. 17 and Fig. 18 show that CPSO-RST-NFS classification
algorithms have high sensitivity and specificity across all datasets. For three datasets (SPECTE, WBCD, WBCP)
and two datasets (Diabetes and Breast Cancer), CPSO-RST-NFS A-based classifiers obtain 90% sensitivity and
specificity, which is good for diagnostics. For all datasets, CPSO-RST-NFS has the highest specificity values
compared to QRA and H-GMRA-based classifiers with a complete feature set. The CPSO-RST-NFS-based Naive
Bayes algorithm achieved the maximum sensitivity, specificity, accuracy, F1-Score, Kappa Statistics, and RMSE

Accuracy

Considering Accuracy of

All the Features | Accuracy of QRA | Accuracy of CPSO-RST-NFS

(in %) (in %) H-GMRA (in %) | (in %)
Datasets NB |DT |[SVM [NB |DT |SVM [NB |DT |SVM [NB | DT |SVM
SPECTF 68.9 | 75.7 | 83.6 | 725 |71 71.6 | 81.2 1794 | 783 |83.4 873|851
Diabetes 753|729 |76.6 |76.7 |744 773 |77.6 |745 |77.1 |77.8 |752 |86.7
Breast Cancer |72.3 |70.6 (747 |73.1 |70.3 |753 |74 69.2 | 73.8 |77.1 | 67.7 | 76.3
WBCD 91.6 |92.4 | 942 |93.6 (942 |954 |92 943 | 91.7 |92.8 | 94.5 |97.3
WBCP 80.2 | 89.6 | 854 |93.1 1957|957 |92.7 |96 93.6 |93 97.9 | 94.1
Liver Disorder | 55.4 | 56.3 | 69.3 | 61.8 |57.5|70.2 |69.4 |652 |71.5 |79.2 |77 74
ILPD 559 |65.8 | 69.4 |57.6 |69.3|728 |551 |67.8 |724 |559 (724 |75
Hepatitis 83.3 | 84 84.6 |84.4 |821 |85 85.7 | 84 823 |83.6 |84.2 |85

Table 9. Classification Accuracy for Different Algorithms on Various Datasets.
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Classifier Accuracy Comparison for CPSO-RST-NFS Algorithm

100 A
I NB
N DT
SVM
80 -
X
— 60 1
>
O
©
—
o |
O 40
<C
20 A
0 -
X Q oS X2
<& o & O ¢ 2 O &8
& & S & L RS S
(')Q N » QQ
< )
e 3
Fig. 7. Classification accuracy for CPSO-RST-NES.
Comparison of Accuracy for Naive Bayes (NB) across Algorithms
W All Features - NB
EEN QRA-NB
H-GMRA - NB
EEm CPSO-RST-NFS - NB
80
60
g
>
@
g
< 40
20
0
& & & & & & O &
&€ 0»0'4 ﬁ(’b“b & & \O‘L'O\ v Q&Qb
o o
Datasets

Fig. 8. Comparison of accuracy for NB across algorithms.
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Comparison of Accuracy for Decision Tree Across Algorithms
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Fig. 9. Comparison of accuracy for DT across algorithms.
Comparison of Accuracy for SVM Across Algorithms
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Fig. 10. Comparison of accuracy for SVM across algorithms.

for Liver Disorder and Hepatitis datasets. For the Diabetes dataset, it has the highest precision and lowest RMSE.
For SPECTF and WBCP datasets, CPSO-RST-NFS-based Decision Trees DT method has the highest values
for all evaluative measures, but for ILPD, it has the highest F1-Score. Finally, this CPSO-RST-NFS-based SVM
method outperforms previous classifiers in Diabetes, Breast Cancer, and WBCD, ILPD, and Hepatitis datasets.
It achieves maximum values for all evaluative parameters in the SPECTF and WBCP datasets and the greatest
F1-Score in the ILPD dataset.

From diverse datasets, the graphic compares the average iterations of three feature selection algorithms—
QRA, H-GMRA, and CPSO-RST-NFS. Figure 19 shows that CPSO-RST-NES regularly takes less iterations than
QRA and H-GMRA, proving its efficiency. The QRA method requires more iterations than H-GMRA, but the
difference is small. Most efficient in terms of average iterations, CPSO-RST-NFS achieves the required results
across all datasets with less resources.

Figure 20 shows that the CPSO-RST-NFS method excels QRA and H-GMRA in stability and dependability
across datasets, with smaller spreads and fewer outliers suggesting low objective function value fluctuation.
QRA and H-GMRA can have higher median values, especially in WBCD and WBCP datasets, but their broader
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Comparison of Algorithms on SPECTF Dataset across Various Metrics
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Fig. 11. Comparison of algorithms on SPECTF dataset for various metrics.
Comparison of algorithms on WBCP across Various Metrics _

10 ‘ Metric
mem Sensitivity
wsm Specificity
mm  Precision
wsm F1-Score

0.8 { wes Kappa
s RMSE

0.6

v
2
2
v
E

[
=

0.4 {

0.2 {

0.0 /

N o
v & & &

€ 095‘ ;
&
Algorithm

Fig. 12. Comparison of algorithms on WBCP dataset for various metrics.
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Comparison of Different Algorithms on Diabetes Dataset
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Fig. 13. Comparison of algorithms on Diabetes dataset for various metrics.
v Comparison of Different Algorithms on Breast Cancer Dataset ‘
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Fig. 14. Comparison of algorithms on Breast Cancer dataset for various metrics.
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Comparison of Different Algorithms on WBCD Dataset
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Fig. 15. Comparison of algorithms on WBCD dataset for various metrics.

Comparison of Different Algorithms on Hepatitis Dataset
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Fig. 16. Comparison of algorithms on Hepatitis dataset for various metrics.
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Comparison of Different Algorithms on ILPD Dataset
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Fig. 17. Comparison of algorithms on ILPD dataset for various metrics.

Comparison of Different Algorithms on Liver Disorder Dataset
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Fig. 18. Comparison of algorithms on Liver Disorder dataset for various metrics.
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Average Iterations Comparison Across Different Algorithms

150 @ i } | ‘ —e— ORA
| i i | | —m— H-GMRA
- - T { | —&— CPSO-RST-NFS
145 A | | | | | ]
I I 1 I I |
I ‘ I ; I
140
w
S
= 135
[
1
]
=
o 130 4
o
©
o
2 125
<
120 -
115 -
QQQ'
Datasets
Fig. 19. Average iterations across datasets.
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Fig. 20. Objective function comparison across different datasets.

spreads show substantial variability, which may affect their reliability. CPSO-RST-NFS performs consistently
and has high median values in datasets like ILPD and Hepatitis.

Figure 21 shows QRA, H-GMRA, and CPSO-RST-NFS converged over 100 iterations on 8 datasets (SPECTF,
Diabetes, Breast Cancer, WBCD, WBCP, Liver Disorder, ILPD, and Hepatitis). Three subplots display objective
function values as algorithms advance for each dataset. Over time, all three methods decrease objective values,
showing convergence to optimum solutions. QRA declines quicker in the early iterations before stabilizing at
lower values. QRA declines faster than H-GMRA. CPSO-RST-NFS has a more slow convergence with modest
variations than the other two algorithms, suggesting it may take longer to find an ideal solution. H-GMRA
balances convergence speed and stability, making it excellent for controlled optimization. Although slower,
CPSO-RST-NFS may perform better in complicated problems that need substantial solution space exploration
to avoid local minima and find a superior global solution.
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Fig. 21. Convergence comparison across different datasets.
Comparison to prior works
Table 10 shows Feature selection method comparisons on diverse datasets. The CPSO-RST-NFS approach yields
good NCD results. On the SPECTF dataset, the CPSO-RST-NEFS selects only 13 features with 88.7% accuracy,
outperforming other approaches. Diabetes picks only 5 traits with 87.1% accuracy, exhibiting competitive
performance. CPSO-RST-NEFS selects 4 features with 97.9% accuracy on the WBCD dataset, demonstrating its
feature selection effectiveness. With only 3 features, the ILPD Liver dataset has 71.4% accuracy, making it useful
for illness diagnosis. In the Hepatitis dataset, CPSO-RST-NFS identifies 5 features with 84.5% accuracy. This
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Figure 21. (continued)

suggests feature selection optimization. Overall, this technique is strong and effective because it balances feature
selection and classification accuracy for NCD research and diagnostic applications.

Limitations and future work

The fundamental limitation of this work is focusing just on feature selection and classification accuracy. Still,
it ignores other important NCD diagnosis factors as interpretability of selected characteristics and clinical
relevance of the outcome. The authors’ hybrid algorithms are intriguing, but their effectiveness varies between
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Figure 21. (continued)

NCD data sets, needing further fine-tuning and validation on more diverse real clinical data. Finally, all major
datasets in this study have not accurately captured the complexity and diversity of real clinical scenarios, so
further research on the validation of these findings in practical health care settings is needed. Future study
should include interpretability and clinical relevance of features in addition to feature selection and classification
accuracy.

This work proposes hybrid algorithms that need more testing across a larger number of real clinical datasets
to improve robustness and generalizability. Additional data sources like electronic health records and patient
demographics can be linked to improve NCD knowledge and prediction models. Finally, the algorithms will
be implemented in easy-to-use healthcare software tools or platforms to improve NCD identification and
management.

Conclusion

This study offers a solution to the challenge of diagnosis of NCDs through feature selection technique
optimization. The due dates will improve the early detection of NCDs, and diagnosis always marks the beginning
schedule of every treatment protocol. In this paper, two novel hybrid feature selection algorithms, namely
H-GMRA and CPSO-RST-NFS, have been proposed and evaluated against different NCD datasets obtained
from the UCI machine learning repository. First, research goes through detailed data preprocessing in handling
missing values and normalization to assure the quality of datasets. The study then investigates the application of
the new H-GMRA in contrast to traditional QRA. H-GMRA demonstrates its excellence by finding more than
one reduce with high dependency value compared to QRA. It enhances the performance of NB, DT, and SVM
classifiers. Even though SVM is the best classifier with further improvements in classifiers, when compared
against all features, a problem of computation time is also addressed by this research, which includes Meta-
heuristic algorithms. After the introduction of H-GMRA, the authors have implemented a filter-based algorithm
of CPSO-RST-NFS. This technique performs feature selection with an optimized fitness function using a Golden
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Research papers CPSO-RST-NFS
Selected | Accuracy | Selected | Accuracy

Data Set Methods adopted Features | (%) Features | (%)

Association Rules based Feature Selection *° 14 77.14 12 87.3
SPECTF

Ensemble Feature Selection >’ 19 86.5

Ada Boost + Decision Stump 8 - 80.72 4 86.7

Improved NB ¥ - 82.3
Diabetes

Improved Electromagnetism-like mechanism * - 77.21

Hierarchical and Progressive Combination of Classifiers ¢ - 83.34

Ranker + SVM ¢! - 77.27 4 77.1
Breast Cancer | SVM +CART ¢ 5 73.03

Correlation Feature selection + Random Forest 3 8 97.85

Threshold fuzzy entropy based feature selection® 31 97.28 9 97.3

Hybrid SVM + RVM Classifier® 31 96.41
WBCD Non Linear Dualist Optimization Algorithm?! 31 97.13

Hybrid PSO + SVM® 31 87

Hybrid ABC+SVM® 31 88

Hybrid SVM + RVM Classifier ¢ 31 96.41 9 97.9
WBCP Hybrid PSO +SVM ¢ 31 88

Hybrid ABC + SVM® 31 87

SVM 6 70 5 79.2
Liver Disorder

Integrated GA + Case Based Reasoning (CBR) model®’ 5 68.98

SVM Classifier®® 8 73.2 6 75

Variable - Neighbor Weighted Fuzzy KNN approach®® Random 10 77.59

Under Sampling method + Stability Selection Method + Random Forest Classifier 7 | 10 76.77

Backward Elimination + Linear SVM® 5 82.9

Brain Storm Optimization Algorithm® 10 97.16 6 85

Threshold fuzzy entropy-based feature selection®! 10 85.16
Hepatitis

Correlation based ensemble feature Selection Algorithm* 16 93.90

Integrated GA + Case Based Reasoning (CBR) model®’ - 94.19

Table 10. Comparison of CPSO-RST-NFS results with the recent researches. The symbol ‘—’ represents that
the number of features have not been specified by the author

Ratio, which in turn will permit faster convergence and optimality in results. The reduced attribute sets obtained
are further evaluated with the help of various measures apart from accuracy, such as sensitivity, specificity,
precision, recall, F1-score, Kappa statistics. Generally, CPSO-RST-NFS obtained the best classification accuracy
for the entire dataset, more so when combined with SVM. The ability of finding the best subsets of optimal
features that may improve the accuracy of disease classification helped make a big difference in the diagnosis of
NCDs. This hybrid FS approach, which includes H-GMRA and CPSO-RST-NES, proves well to show potential
for increasing the accuracy of diseases diagnosis. All in all, it gives valuable insights and provides tools to
healthcare practitioners and data analysts in furthering the endeavor of early NCD detection and better care.
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