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Abstract: Clustering is a crucial at the same time challenging task in several application domains. It is important
to incorporate the optimum feature finding into our clustering algorithms for getting better prediction accuracy
but this is difficult when there is no or little information about the importance or relevance of features. To tackle
this task in an efficient manner we employ the natural evolution process inherent in genetic algorithms (GA)
to find the optimum features for clustering for the healthy aging dataset. In order to empirically verify the
findings, genetic algorithms were combined with a number of clustering algorithms including partitional,
density based as well as agglomerative. A variant of the popular KMeans algorithm, named KMeans++ gave
the best performance on all performance metrics when combined with GA.
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1. Introduction

A healthy aging society is the dream of any sensible human being. This research aims at
providing an insight to what could be the important factors in achieving this aim. Our study focused
on the National Poll on Healthy Aging(NPHA) dataset which was created to gather insights on the
health, healthcare, and health policy issues affecting Americans aged 50 and older. By focusing on
the perspectives of older adults and their caregivers, the University of Michigan aimed to inform the
public, healthcare providers, policymakers, and advocates about the various aspects of aging. This
includes topics like health insurance, household composition, sleep issues, dental care, prescription
medications, and caregiving, thereby providing a comprehensive understanding of the health-related
needs and concerns of the older population. The target variable in the study was
Number_of_Doctors_Visited. In this work we aim to apply clustering algorithms and optimize them
by applying genetic algorithms to find the most relevant set of features for most accurate prediction.
To this end, we frame some questions and by obtaining responses to the subsequent research
questions, this paper aims to develop future clustering models that exhibit superior accuracy and
efficiency. Moreover, these research questions offer corroborating evidence for the results of our
empirical investigation.

RQ1: What is the efficacy of a genetic algorithm in the process of feature selection for enhancing
clustering performance?

RQ2: Which clustering algorithm is most effective when applied to the selected NPHA dataset?
RQ3: Does the iterative process of selection, crossover, and mutation in a genetic algorithm have the

potential to enhance clustering performance across numerous generations?

The major contributions in this study are outlined below:

e  The impact of the feature selection technique (FST) on the NPHA dataset is comprehensively
evaluated.

e By simulating the principles of natural evolution, the genetic algorithm utilized in this study
optimizes feature selection for clustering. As a result, the clustering performance is improved by
identifying the most relevant subset of features from the dataset.

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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e Toimprove clustering with an increased performance metric, models that integrate the Genetic
Algorithm and Clustering Algorithms are proposed.

e In order to empirically verify the findings, GA was combined with a number of clustering
algorithms, including KMeans++, DBSCAN, BIRCH, and Agglomerative.

The abstract view of our proposed methodology is presented in Figure 1.
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Figure 1. Abstract view of proposed methodology.

Machine learning techniques have played an important role in healthcare applications, and
several researchers have pursued this area [1-5], proposing the detection of Covid 19 disease through
Chest x ray images, or for image based disease prediction and diabetes retinopathy detection. In [6]
Jha et al propose another machine learning approach as a step towards better health for society.
Machine learning classifiers have also been applied by other researchers in solving health care
problems [7,8]. Similarly, we see several researchers experimenting with the clustering algorithms
[10-14], applying it on distributed systems [15], or optimizing it [16]. Variants such as KMeans++
have also been active areas of research [17]. Clustering for mixed types of data [18], techniques for
clustering algorithm selction [19], feature selection techniques [20,21], application of KMeans
algorithm for customer segmentation [22], and improvisations using genetic algorithms or other
techniques [23-30] are some other examples of continued interest of the research community towards
this topic.

The organization of rest of the paper is as follows: section 2 presents the methods used in the
study, while sections 3 and 4 present the experimentation part and the analysis of experimental
results. The Discussion and Conclusion are given in section 5 and 6 respectively.

2. Materials and Methods
2.1 Selecting features using Genetic Algorithm

Feature selection is a procedure in machine learning and data mining that involves choosing a
smaller collection of pertinent features or variables from a larger set of features in a dataset.

The objective of feature selection is to enhance the performance of machine learning models by
decreasing the number of features, thereby mitigating over fitting, reducing computing complexity,
and enhancing model interpretability. Feature selection encompasses several strategies, such as filter
methods, wrapper methods, and embedding methods. Filter methods are used to choose features
based on their statistical characteristics, such as their correlation with the target variable or their
information gain. Wrapper approaches employ a dedicated machine learning algorithm to assess the
significance of features by training and assessing the model using various subsets of features.
Embedded approaches integrate feature selection into the model training process by utilizing
regularization techniques such as Lasso and Ridge regression. Genetic algorithms are a form of
optimization method that can be employed to pick features. Genetic algorithms involve the evolution
of a population of potential feature subsets across numerous generations by genetic operations such
as selection, crossover, and mutation. The fitness of each subset of features is assessed using a fitness
function, which usually quantifies the performance of the model when using that subset of features.
Genetic algorithms can systematically seek for an ideal subset of attributes that maximizes the
performance of a model by iteratively evolving the population.

2.2. Genetic Algorithm

A Genetic Algorithm (GA) is an optimization technique that draws inspiration from the natural
selection process. It is utilized to determine the most ideal solutions for situations that need
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identifying the finest combination of factors or attributes. The algorithm employs the principle of
natural selection to iteratively generate increasingly optimal approximations to a solution. Each
generation of the Genetic algorithm produces a fresh set of approximations. The technique involves
selecting individuals based on their level of fitness in the problem domain and applying operators
derived from natural genetics. This strategy leads to the development of a population of individuals
that are more well-suited to the environment than the individual from which they originated. It bears
resemblance to the process of natural adaptation.
The genetic algorithm is a naturally occurring heuristic algorithm. It is utilized to ascertain the
precise and suitable resolution.
Initialization: The method commences by generating an initial population of potential solutions
(individuals) to the problem. Each person is depicted as a sequence of values, which may be binary,
integer, or real, depending on the specific issue.
Selection: The algorithm chooses people from the population based on their fitness, which is a metric
of how effectively an individual solves the task. Individuals possessing greater levels of physical
prowess are more inclined to be chosen for the subsequent generation.
Crossover: The chosen people are placed together, and a crossover operation is performed to generate
new progeny. The crossover procedure involves selecting a random point in the string representation
of the people, and exchanging the values beyond that point between the parents to generate two new
children.
Mutation: Following the crossover process, a mutation operation is implemented to induce minor
random alterations in the offspring's strings. This facilitates the introduction of novel genetic material
into the population and hinders the algorithm from rapidly converging towards a suboptimal
answer.
Replacement: The act of replacing individuals in the present population with offspring, according to
a predetermined replacement plan. This guarantees that the population size remains consistent across
successive generations.
Termination: The algorithm persists in executing the selection, crossover, mutation, and replacement
phases until a specified termination condition is satisfied. This condition may consist of a maximum
number of generations, a suitable fitness level, or a predefined time restriction. The fundamental
operational premise of a genetic algorithm encompasses the subsequent stages is shown in Figure 2.
Genetic algorithms are commonly employed in optimization situations where conventional
approaches may be unfeasible or inefficient, particularly in intricate optimization terrains with
numerous local optima.

Crossover
| ABC|DEF | | ABC|STU \ - w
| PQR|sTU | | PQR[PEF |

Mutation

\ 0101011/0{1100101 |

| o101011(1|1100101 |
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Figure 2. A fundamental operational premise of a Genetic Algorithm.

2.3. Clustering /Cluster Analysis

Cluster analysis, often known as clustering, is a machine learning technique that involves
grouping data points with similar characteristics into clusters. Clustering aims to divide a dataset
into distinct groups, where the data points within each group, or cluster, exhibit greater similarity to
one another compared to those in different groups. Clustering is an unsupervised learning method
where the algorithm identifies patterns and structures in the data without receiving explicit
instructions on grouping the data.

This study thoroughly examines the K-means ++, DBSCAN, Birch, and Agglomerative clustering
methods and the effect of genetic optimization on them.

2.4. Clustering Algorithms

Clustering algorithms aim to partition a given dataset into distinct groups, or clusters, based on
the degree of similarity between data elements within the same cluster and those in other clusters.
The following is a concise overview of the clustering algorithms that were implemented in this study:

2.4.1 KMeans /KMeans ++

KMeans++ is a centroid-based clustering algorithm designed to partition a dataset into clusters,
ensuring that each data point is assigned to the cluster with the closest centroid. K-means++ is a
modified version of the K-means method that enhances the initial selection of cluster centroids. In
the normal K-means algorithm, the initial centroids are often selected randomly from the dataset.
However, this random selection can result in clustering outcomes that are not ideal. K-means++
resolves this problem by employing a more sophisticated initialization technique. The process begins
by randomly selecting a single initial centroid from the available data points. Successive centroids
are thereafter selected based on a probability that is directly proportionate to the squared distance
from the nearest centroid that already exists. This guarantees that the initial centroids are evenly
distributed and enhances the likelihood of discovering improved final centroids.

After the centroids are initialized, the next steps of the K-means algorithm follow the normal
procedure. Data points are allocated to the centroid that is closest to them, and the centroids are
updated by calculating the mean of the points in each cluster. This process continues until the
centroids reach stable positions and the cluster assignments remain mostly unchanged.

2.4.2. Density-Based Spatial Clustering of Applications with Noise (DBSCAN)

Density-Based Spatial Clustering of Applications with Noise (DBSCAN) is a clustering
algorithm that groups data points together based on their density in the feature space. Density-based
clustering algorithms, in contrast to centroid-based clustering algorithms such as K-
means/Kmeans++, form clusters based on areas of high density that are separated by areas of low
density. The DBSCAN algorithm initiates by randomly selecting a data point from the dataset. A
point is defined as a core point if it has a minimum number of other points (MinPts) within a specified
radius (€). Points that fall within the e-radius of a core point, including the core point itself, are said
to be density-reachable from that core point.

The process proceeds by iteratively include all points that can be reached from the core point
and have sufficient density, thus expanding the cluster. This process continues until the cluster can
no longer accommodate any additional points. Border points are classified as points that are not core
points themselves but are located inside the e-radius of a core point. These points are included in the
cluster; however, they are not classified as core points. Points that do not fall into the category of core
points or border points are categorized as noise points and do not belong to any cluster. DBSCAN is
highly efficient at detecting clusters with diverse shapes and is resistant to interference caused by
noise.

2.4.3. Balanced Iterative Reducing and Clustering utilizing Hierarchies

Balanced Iterative Reducing and Clustering utilizing Hierarchies (BIRCH) is a hierarchical
clustering algorithm that constructs a cluster tree. Each node in the tree corresponds to a cluster of
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data points. The tree can be represented as a dendrogram, with the root being the cluster that includes
all data points, and the leaves being the individual data points.

This algorithm initially condenses the data into a hierarchical structure known as the Clustering
Feature Tree (CF Tree). This tree is constructed using a collection of clustering characteristics that
condense the data points. The CF Tree is utilized to effectively partition the data points into
subclusters in a hierarchical fashion.

2.4.4. Agglomerative

Agglomerative clustering is also a hierarchical clustering method that repeatedly combines the
nearest pairs of clusters to create a hierarchy of clusters. The process begins by considering each data
point as an individual cluster and then calculates the distance or similarity between every pair of
clusters. The algorithm subsequently combines the two clusters that are closest to each other, forming
a unified cluster, and adjusts the distance matrix accordingly to represent the updated clustering
structure. This procedure is iterated until there is only one cluster left, or until a predetermined
condition for stopping is satisfied. The outcome is a dendrogram, in which the terminal nodes
symbolize the individual data points, while the internal nodes symbolize groups at various levels of
the hierarchy. Agglomerative clustering is a method that does not necessitate the pre-specification of
the number of clusters. It can identify clusters of different forms and sizes within the data.

3. WorkFlow

The complete workflow presented in Figure 3, involves multiple essential steps that strive to
discover the most effective subset of features for optimal clustering performance. The process
commences with the importation of essential libraries and the dataset. Afterwards, the dataset is
divided into training and testing sets to make it easier to evaluate the model.

Next, create an initial population of individuals, with each individual representing a potential
subset of traits. The evaluation of these subsets is conducted using a range of clustering performance
criteria, such as silhouette score, Calinski-Harabasz score, Davies-Bouldin score, and Within-Cluster
Sum of Squares (WCSS). The performance measurements of each individual are recorded for the
purpose of reference, facilitating the comparison and selection of the subset that performs the best.

The process of iterating over generations is used to improve the population of feature subsets.
This iteration continues until the stated maximum iteration count is reached, which in this case is 8.
During each iteration, parents are chosen depending on their fitness, which is determined by their
clustering performance. Subsequently, the population undergoes one-point crossover to produce
offspring, which is subsequently followed by mutation to introduce diversity.

Following each iteration, the newly generated population is evaluated, and the highest level of
accuracy is subsequently updated. The iterative technique enables to systematically investigate
various feature subsets and improve them over successive generations. Upon reaching the maximum
number of repetitions, the characteristics of the most successful individual are extracted, and its
corresponding measurements are displayed for evaluation.
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Figure 3. Workflow of the proposed model.

4. Results

In this research work various metrics are used to evaluate the performance of clustering
algorithms. A brief explanation of each metric and its relevance is summarized below.

4.1. Performance Evaluation Parameters

The Silhouette score is a metric that measures the degree of similarity between an object and its
own cluster, relative to other clusters. The range of values is from -1 to 1. A high value implies that
the object is well-suited to its own cluster and not well-suited to surrounding clusters. It is a valuable
measure for evaluating the accuracy of clustering when the actual labels are unknown.

The Calinski-Harabasz score, sometimes referred to as the Variance Ratio Criterion, quantifies
the ratio between the total dispersion among different clusters and the dispersion inside each
individual cluster. A higher score signifies more distinct and well-defined clusters. This score is
valuable for assessing the degree of compactness and distinctiveness of clusters. Greater scores
suggest that the clusters exhibit high density and significant separation, which is advantageous for
achieving effective clustering.

The Davies-Bouldin score quantifies the mean resemblance between each cluster and its most
resembling cluster, with resemblance being determined by the ratio of distances within a cluster to
distances between clusters. Lower scores are indicative of superior clustering. This score is used to
evaluate the degree of compactness and separation of clusters. A lower Davies-Bouldin score
indicates that the clusters are highly segregated and clearly distinguishable from one another.

The Within-Cluster Sum of Squares (WCSS) is a measure that estimates the sum of squared
distances between each data point and the centroid of the cluster it belongs to. It quantifies the level
of density in clusters. Smaller WCSS values imply that the data points are near their centroids,
indicating that the clusters are tightly packed and distinct from each other.

Essentially, these metrics offer varying viewpoints on the excellence of clustering. A clustering
algorithm that achieves a high silhouette score, high Calinski-Harabasz score, low Davies-Bouldin
score, and low WCSS is considered to have superior clustering results, showing that the clusters are
well-defined, compact, and isolated.
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4.2. Dataset

The dataset utilized in this study is a subset of the National Poll on Healthy Ageing (NPHA)
dataset that has been refined to construct and verify machine learning algorithms for forecasting the
annual count of doctors visited by the respondents in a survey. The collection consists of records that
correspond to elderly individuals who responded in the NPHA survey. The purpose of creating the
National Poll on Healthy Ageing dataset was to collect information and understanding about the
health, healthcare, and health policy concerns that impact individuals in the United States who are
50 years old and above. Every row in the dataset corresponds to an individual who is in the survey.
There are a total of 14 health and sleep-related features available for inclusion in the prediction task,
and a total of 714 instances. Table 1 presents the dataset and features description. In our study the
dataset from kaggle [31] has been utilized.

Table 1. NPHA Dataset Description.

Features Type Description
Age Categorical The patient's age group = { 1: 50-64, 2: 65-80 }
. . A self-assessment of the patient's physical well-being = { -1:
Physical Health Categorical Refused, 1: Excellent, 2: Very Good, 3: Good, 4: Fair, 5: Poor }
A self-evaluation of the patient's mental or psychological health
Mental Health Categorical = { -1: Refused, 1: Excellent, 2: Very Good, 3: Good, 4: Fair, 5:
Poor }
. A self-assessment of the patient's oral or dental health= { -1:
Dental Health Categorical Refused, 1: Excellent, 2: Very Good, 3: Good, 4: Fair, 5: Poor }
The patient's employment status or work-related information =
Employment Categorical { -1: Refused, 1: Working full-time, 2: Working part-time, 3:
Retired, 4: Not working at this time }
Stress Keeps Patient from . Whether stress affects the patient's ability to sleep = { 0: No, 1:
. Categorical
Sleeping Yes }
Medication Keeps Patient . Whether medication impacts the patient's sleep = { 0: No, 1: Yes
. Categorical
from Sleeping }
Pain Keeps Pétient from Categorical Whether physical pain disturbs the patient's sleep = { 0: No, 1:
Sleeping Yes }
Bathroom Needs Keeps . Whether the need to use the bathroom affects the patient's sleep
. . Categorical
Patient from Sleeping ={0: No, 1: Yes }
Unknown Keeps Patient from . Unidentified factors affecting the patient's sleep = { 0: No, 1:
. Categorical
Sleeping Yes}
. . General issues or difficulties the patient faces with sleeping = {
Trouble sleeping Categorical 0: No, 1: Yes)
Information about any sleep medication prescribed to the
Prescription Sleep Medication Categorical  patient ={ -1: Refused, 1: Use regularly, 2: Use occasionally, 3:
Do not use}
The patient's racial or ethnic background = { -2: Not asked, -1:
Race Catecorical REFUSED, 1: White, Non-Hispanic; 2: Black, Non-Hispanic;
& 3: Other, Non-Hispanic; 4: Hispanic; 5: 2+ Races, Non-
Hispanic}
. The gender identity of the patient = {
Gender Categorical -2: Not asked, -1: REFUSED, 1: Male, 2: Female)
Number of Doctors Visited . The total count of different doctors the patient has seen = { 1: 0-
Categorical

(Target variable)

1 doctors 2: 2-3 doctors 3: 4 or more doctors }

4.3. Implementation Details

The proposed genetic algorithm with cluster modeling harnesses the power of Python 3.11.9

within the Anaconda environment, leveraging its rich ecosystem of libraries for data manipulation,
machine learning, and visualization. Experiments were conducted on a system equipped with a 64-
bit operating system and 8 GB of RAM, ensuring the algorithm's performance and scalability. At the
core of the implementation lie essential Python libraries, starting with Pandas, which facilitates
structured data handling, including tasks like CSV file reading, missing value management, and data
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frame manipulation. Complementing Pandas is NumPy, providing efficient numerical array
operations essential for various machine learning computations.

The scikit-learn library, often referred to as sklearn, is pivotal for machine learning tasks, offering
a diverse range of algorithms and utilities. Among its functionalities, k-means clustering for
unsupervised learning and metrics such as silhouette score, Calinski-Harabasz score, and Davies-
Bouldin score for assessing clustering performance stand out. Lastly, Matplotlib is employed for
visualization, enabling the generation of informative plots to track clustering performance metrics
across multiple generations of feature selection. Together, these libraries form a robust ecosystem for
comprehensive exploration and analysis of clustering algorithms and feature selection strategies.

The Genetic algorithm operates on a population of 8 instances, iterating through a maximum of
8 generations. In each generation, 40% of the population, considered the elite, is preserved without
mutation, while 20% of the genes in the remaining population are subject to mutation. GA with same
setting is applied to all the mentioned clustering algorithms, out of which GA with KMeans ++
clustering outperformed.

In the Appendix, Figure Al and Figure A2 show the highest score achieved at the 8th generation,
as well as the selected features and score of the GA-KMeans ++ clustering. Figure A2 presents the
graphs that represent the scores of GA-KMeans ++ clustering for all 8 generations. Furthermore, Table
Al displays the highest score achieved by the GA-KMeans++ algorithm across all 8 generations.

4.4. Analysis

The Table 2 displays the Silhouette Scores for several clustering methods and their
corresponding versions augmented with a genetic algorithm (GA). Birch, DBSCAN, and
Agglomerative clustering demonstrate scores of 0.3816, 0.4653, and 0.2867 respectively,
demonstrating different levels of cluster overlap and separation. Kmeans++ attains the maximum
score of 0.7284, indicating the presence of distinct clusters. When GA is used for feature selection,
enhancements are observed in all algorithms. The Genetic Algorithm (GA) combined with the
Density-Based Spatial Clustering of Applications with Noise (DBSCAN) algorithm produces the
greatest Silhouette Score of 0.8844, suggesting a substantial improvement in cluster separation. The
Genetic Algorithm (GA) combined with Kmeans++ also demonstrates significant enhancement with
a score of 0.9166, emphasizing the efficacy of feature selection in improving clustering performance.

Furthermore, the evaluation of each clustering technique and its equivalent GA-enhanced
variant is conducted using the Davies-Bouldin Score. The Birch, DBSCAN, and Agglomerative
clustering algorithms get scores of 0.8433, 1.544, and 1.0995 respectively. These values indicate
different levels of similarity among clusters, with larger scores suggesting worse quality clustering.

Kmeans++ achieves the lowest Davies-Bouldin Score of 0.474, indicating superior clustering
performance compared to the other algorithms. When GA is used for feature selection, enhancements
are observed in all algorithms. The Genetic Algorithm (GA) combined with the Kmeans++ algorithm
obtains the lowest Davies-Bouldin Score of 0.35451, which indicates a substantial improvement in
cluster similarity and the presence of well-defined clusters.

Similarly, the Calinski-Harabasz (CH) Score evaluates the quality of clustering by quantifying
the ratio of dispersion between clusters to dispersion within clusters. This ratio indicates the extent
to which clusters are distinct from each other in a dataset. Greater scores indicate clusters that are
more distinct and tightly packed. Birch achieved a score of 68.67, indicating a moderate level of
cluster separation but lower clarity compared to algorithms with higher scores. The DBSCAN
algorithm achieved a score of 14.78, which suggests inadequate separation between clusters and the
possibility of clusters overlapping. The agglomerative clustering algorithm achieved a score of 90.7,
indicating enhanced but not yet perfect separation of clusters. Kmeans++ had superior performance
compared to other methods, achieving a score of 397.46, which suggests the presence of distinct and
closely-packed clusters.

When utilized in conjunction with a genetic algorithm (GA) for the purpose of feature selection,
all methods exhibited better CH Scores, which signifies improved cluster separation and density. The
GA with Kmeans++ algorithm achieved the best score of 1108.62, indicating that the GA greatly
enhanced clustering performance, leading to denser and more distinct clusters compared to other
models.


https://doi.org/10.20944/preprints202405.1663.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 May 2024 d0i:10.20944/preprints202405.1663.v1

Based on a range of evaluation indicators, the Table 2 analyses the effectiveness of several
algorithms on the NPHA dataset.

Table 2. Performance Evaluation metrics for NPHA Dataset.

NPHA Dataset
Model Silhoutte Score Davies-Bouldin Score Calinski-Harabasz Score
Birch 0.3816 0.8433 68.67
DBSCAN 0.4653 1.544 14.78
Agglomerative 0.2867 1.0995 90.7
Kmeans ++ 0.7284 0.474 397.46
GA with Birch 0.6497 0.6024 229.007
GA with DBSCAN 0.8844 1.2082 140.69
GA with Agglomerative 0.7044 0.546 283.24
GA with Kmeans ++ 0.9166 0.35451 1108.62

Figures 4 - 6 present the graphs corresponding to the various performance parameters.
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Figure 4. Graph displaying Silhoutte Score and Davies-Bouldin Score for all clustering algorithms.
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Figure 5. Graph displaying Calinski-Harabasz Score for all clustering algorithms.

Also, the WCSS measure was computed for both the Means++ algorithm and the Genetic
Algorithm with KMeans. The measure quantifies the degree of compactness shown by clusters. The
metric calculates the total of the squared distances between every data point and the centroid of its
corresponding cluster. A decrease in WCSS signifies that the data points are in closer proximity to
their respective centroids, indicating the presence of more tightly-knit clusters.

Within-Cluster Sum of Squares (WCSS)
140
120
100

Kmeans ++ GA with Kmeans ++

Figure 6. Graph showing WCSS metric for Kmeans ++ and GA-KMeans.

Based on the data presented in Figure 6, Kmeans++ obtained a within-cluster sum of squares
(WCSS) value of 132.85. However, when the genetic algorithm (GA) was combined with Kmeans++,
the clustering performance was greatly enhanced, resulting in a much lower WCSS value of 26.89.
This reduction indicates that the genetic algorithm (GA) for feature selection improved Kmeans++ by
producing more tightly packed and compact clusters. The reduced within-cluster sum of squares
(WCSS) indicates that the clusters generated by the genetic algorithm (GA) with Kmeans++ have data
points that are in closer proximity to their respective centroids. This signifies an enhanced quality of
clustering and maybe a more distinct separation between the clusters.

Based on these metrics, K-Means++ demonstrates superior performance compared to other
clustering algorithms in terms of clustering quality, resulting in more distinct, concise, and distinct
clusters.
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5. Discussion
5.1. GA-KMeans ++ Vs Other GA Based Clustering Algorithms

GA with KMeans++, employs KMeans++ initialization to facilitate the identification of superior
solutions by selecting centroids that are balanced and uniformly dispersed. This results in accelerated
convergence. Other Genetic Algorithm-based Clustering, suboptimal initialization strategies are
implemented, leading to sluggish convergence and challenges in locating optimal solutions.

KMeans++ and GA, genetic operations such as selection, crossover, and mutation are employed
to improve the centroids obtained via KMeans++. This results in enhanced cluster assignments and
an overall improvement in the quality of clustering. In alternative clustering methods, that rely on
genetic algorithms may encounter difficulties in effectively traversing the search space or optimizing
cluster assignments, which could result in less-than-ideal clustering outcomes.

GA utilizing KMeans++, attains exceptional clustering performance metrics, including the
Silhouette Score, Davies-Bouldin Score, and Calinski-Harabasz Score, which signify improved inter-
cluster separation and optimized separation and compactness of clusters, respectively. Alternatives
to Genetic Algorithm-based Clustering, potentially lower clustering performance metric attainment
indicates less effective or less well-separated clustering outcomes.

In comparison to alternative clustering algorithms that rely on genetic algorithms, the GA with
KMeans++ method sets itself apart through the provision of a more resilient initialization strategy, a
more efficient exploration of the search space, and superior metrics for clustering performance. Due
to these benefits, it is a more desirable alternative for clustering tasks in comparison to alternative
clustering approaches based on genetic algorithms.

5.2. KMeans ++ Vs GA-KMeans ++

The main differences between KMeans++ and GA-KMeans++ are their starting procedures.
KMeans++ uses smart initialization to choose centroids far apart, improving convergence but perhaps
resulting in poor solutions. GA with KMeans++ uses the initialization approach to balance and evenly
distribute centroids, which speeds convergence and improves clustering. GA with KMeans++ relies
on genetic algorithms to improve centroids through selection, crossover, and mutation. Better cluster
assignments and clustering quality result from this method. In contrast, KMeans++ does not use
genetic processes, which may decrease convergence and reduce clustering performance.

GA using KMeans++'s evaluation metrics demonstrate its benefits. It has excellent Silhouette
Score, Davies-Bouldin Score, and Calinski-Harabasz Score, showing enhanced inter-cluster
separation and cluster compactness. KMeans++ performs worse in these metrics, implying poorer
clustering. GA with KMeans++ has better clustering performance, resilient initialization, and efficient
search space exploration. It outperforms KMeans++ and other genetic algorithm-based clustering
methods due to these advantages.

5.3. Features Selected by Best Performing Algorithms

From Table 2 it is seen that GA with KMeans++ is the best performing algorithm. The features
selected by this algorithm are “Age” and “Employment”. Next to this, KMeans++ performs second best
on Davies-Bouldin Score and Calinski-Harabasz score. The features selected by this algorithm are
“Age”, “Stress keeps patient from Sleeping”, “Pain keeps patient from Sleeping” and “Race”.

6. Conclusions

As a result of our experiments it is found that GA utilizing KMeans++, attains exceptional
clustering performance metrics, including the Silhouette Score, Davies-Bouldin Score, and Calinski-
Harabasz Score. This is an indicator that improved inter-cluster separation and optimized separation
and compactness of clusters, is attained. This answers the RQ1 and proves the efficacy of GA in
enhancing clustering performance. The answer to RQ2 is that GA with KMeans++ is most effective
when applied to NPHA dataset. Finally, the graphs in Figure 7 are the answer to RQ3.
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Figure 7. Graph representing score of GA-KMeans ++ clustering for 8 generations.

It can be seen from Figure 7 that the iterative processes of GA indeed have the potential to
enhance clustering performance across numerous generations. Finally we would like to end our
discussion with two open questions:

Q1: When genetic algorithms are used to select features, which clustering performance metric is most
indicative of successful clustering outcomes, thus indicating the best parameters for healthy aging?
Q2: How does the feature selection technique contribute to enhancing performance parameters?

These we would like to take up as part of our ongoing work with more optimization techniques
and further evaluation of clusters for successful clustering outcomes.

We believe that studies of the kind presented in this research can play a vital role in predictive
healthcare analytics, and intend to continue our pursuit in this direction.
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Begin iteration num 8/8
/opt/anaconda3/lib/python3.11/site-packages/sklearn/cluster/_kmeans.py:870: FutureWarning: The default value of “n_
init® yill change from 10 to 'auto' in 1.4. Set the value of ‘n_init’ explicitly to suppress the warning
/o::;:::g;Azggy{ib/pythonB.11/5ite-packages/sklearn/cluster/_kmeans.py:870: FutureWarning: The default value of “n_
init® yill change from 10 to 'auto' in 1.4. Set the value of “n_init’ explicitly to suppress the warning
/o::;:::ggﬁz:gy{ib/pythnnB.11/site-packages/sklearn/cluster/_kmeans.py:870: FutureWarning: The default value of “n_
init’ will change from 1@ to ‘'auto' in 1.4. Set the value of 'n_init’ explicitly to suppress the warning
/o::;g::gzﬁz:gy{ib/pythonB.11/site—packages/sklearn/cluster/_kmeans.py:870: FutureWarning: The default value of “n_
init® yill chan?e from 10 to 'auto' in 1.4. Set the value of 'n_init’ explicitly to suppress the warning
warnings.warn
Silhouette Train: 0.47260235088574065, Silhouette Test: 0.42874614005683376
Calinski-Harabasz Train: 364.5486731478593, Calinski-Harabasz Test: 134.04053061533955
Davies-Bouldin Train: 0.9408181131546509, Davies-Bouldin Test: 1.0426879976058725
WCSS Train: 892.8624381570806, WCSS Test: 245.55585740833
Silhouette Train: 0.6850160430447091, Silhouette Test: 0.6520318044936397
Calinski-Harabasz Train: 606.6604722536335, Calinski-Harabasz Test: 227.38041247444144
Davies-Bouldin Train: 0.6589614365512402, Davies-Bouldin Test: 0.7178308166174522
WCSS Train: 103.38581161137434, WCSS Test: 81.27085454526814
Silhouette Train: 0.9219187412941777, Silhouette Test: 0.9166220807781945
Calinski-Harabasz Train: 2263.3414961585513, Calinski-Harabasz Test: 1108.6270664024232
Davies-Bouldin Train: 0.37169606013484596, Davies-Bouldin Test: 0.3545147856379938
WCSS Train: 29.241016190601552, WCSS Test: 26.892984072654652
Figure A1l. Snippet displaying best score obtained at 8 generation for GA-KMeans ++ clustering.
Selected Features: Index(['Age', 'Employment'], dtype='object')
Best Silhouette Score: 0.9166220807781945
Best Calinski-Harabasz Score: 1108.6270664024232
Best Davies—Bouldin Score: 0.3545147856379938
Best WCSS: 26.892984072654652
Figure A2. Snippet of selected features and score of GA-KMeans ++ clustering.
Table A1. Best Score for KMeans ++ for 8 generations.
Generations  Silhouette Score Calinski-Harabasz Score Davies-Bouldin Score
1 0.548247203311971  248.77568949138 0.786258940306788
2 0.731523855693821  288.905157972548 0.647245020588084
3 0.889043941142484  815.375939811214 0.517261849266876
4 0.700623714255857  355.963046132945 0.51808134263016
5 0.676145002974023  277.21061465924 0.768662005029266
6 0.532169727001773  286.523711996311 0.764614500356365
7 0.701599126939112  312.072096751344 0.628716460051172
8 0.916622080778195 1108.62706640242 0.354514785637994
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