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Received: 26-10-2024 K-Means clustering is a powerful and adaptable technology that has transformed industries
Revised:10-11-2024 like operations research and healthcare due to the quick development of machine learning
: and data analytics. Using K-Means, this study examines a real- world dataset of 1050
Accepted:18-12-2024 diabetic patients that has been divided into groups based on important clinical criteria such
as HbAlc levels, random blood sugar (RBS), post- prandial blood sugar (PPBS), and
fasting blood sugar (FBS). Utilizing operations research methods, our goals are to pinpoint
unique patient groups, improve individualized care plans, and maximize the use of available
resources. The effectiveness of K-Means clustering in diabetes management is
demonstrated in this study, which also provides important insights for individualized

healthcare and shows the algorithm’s superiority over other machine learning techniques.
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1 Introduction

In many different industries, operations research is essential to enhancing efficiency, solving
complicated challenges, and streamlining decision-making processes. Patient management, resource
allocation, and treatment procedures have significantly improved in the healthcare industry as a result
of the use of operations research approaches. One such method, K-Means clustering, has become a
potent instrument for dividing data into distinct groups and making it easier to find trends and insights
that can improve judgment.

For diabetes management to improve patient outcomes and lessen the burden of this chronic condition,
individualized treatment plans are crucial. In order to effectively man- age diabetes, important clinical
markers such HbAlc levels, random blood sugar (RBS), postprandial blood sugar (PPBS), and
fasting blood sugar (FBS) must be continuously monitored and controlled. Because diabetic
patients are diverse, clustering algorithms such as K-Means can be useful in identifying discrete
patient groups, each with its own set of traits and requirements for therapy.

In this study, 1050 diabetic patients from a real-world dataset are analyzed using K - Means
clustering. Finding hidden patterns and groups based on FBS, PPBS, RBS, and HbAlc levels is
the goal. These can help healthcare organizations allocate resources more efficiently and provide
individualized treatment strategies. By combining machine learning and operations research
approaches, we hope to provide a strong foundation for improving the care of diabetes patients.

This study is innovative in that it tackles the challenges of managing diabetes by fusing rigorous

https://internationalpubls.com 403



Communications on Applied Nonlinear Analysis
ISSN: 1074-133X
Vol 32 No. 7s (2025)

operations research methods with K-Means clustering. This integration helps medical professionals
make data-driven decisions for focused interventions in addition to classifying patients according to
their glycemic control. The potential of K-Means clustering to better patient care outcomes, encourage
effective use of medical resources, and improve individualized diabetes control is demonstrated by our
findings.

With this work, we hope to make a significant contribution to the domains of healthcare analytics and
operations research by showcasing the effectiveness of sophisticated clustering approaches in
practical clinical settings. Our study’s findings highlight how crucial data-driven strategies are to
treating chronic illnesses and improving healthcare delivery.

In operations research, K-Means clustering is a popular unsupervised learning approach for dividing
data into discrete groups according to similarity. The work of [1] Amor et al. offers a thorough
bibliometric examination of K-Means clustering and other multi- criteria decision analysis (MCDA)
techniques. It highlights prospective study directions, maps research patterns, and finds important
articles.

The paper of [2] Ahmed et al. discusses the K-Means method’s limits and current advancements while
providing an organized summary of the research on the algorithm. The efficiency of different K-
Means variants is assessed by experimental study. The measurement errors in K-Means clustering are
addressed in the study of [3] Burgard et al. through the use of robust optimization approaches.
Specifically designed decomposition techniques are developed to protect clustering outcomes from
unstructured mistakes.

The scalable and economical R-k-means algorithm, which offers an ideal solution for improved
clustering of large-scale high-dimensional datasets, is proposed in the study of Gul et al. [4]. In
order to test for a difference in means across clusters found using K- Means clustering, the study
of Yiqun et al. [5] suggests a p-value that depends on all intermediate clustering assignments.

The study of Zubair et al. [6] introduces an enhanced K-Means clustering technique that effectively
determines ideal initial centroids while cutting down on execution time and iterations. The work
of [7] Ikotun et al. offers a thorough description and categorization of the K-means clustering
algorithm and its variants. Inaddition to discussing suggested future research topics, the study reviews
current trends, identifies unresolved concerns and challenges, and digs into the history of K-means.

In the paper, [8] Sinaga et al. identify the ideal number of clusters and create an unsupervised learning
framework for the k-means algorithm that does not require parameter selection or initializations. The
new unsupervised k-means (U-k-means) clustering method finds the ideal number of groups on its own
without the need for initialization or parameter adjustment. The work also examines how
computationally hard the suggested U-k-means clustering algorithm is.

For K-means clustering, two new initialization techniques are presented in the study of Joonas et
al. [9]. The divide-and-conquer tactic used in both approaches is specific to the K-means
initialization procedure. The second approach additionally makes use of several lower-dimensional
subspaces created for initialization using the random projection technique.

Amorim et al.’s [10] fundamental claim is that K-means converges with a highly in- formative average
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number of iterations, represented by z. They illustrate this finding’s importance with two real-world
examples. First, they describe the use of z to improve on current feature selection techniques or to find
characteristics in a dataset that are not relevant. Furthermore, they find a substantial correlation
between 7 and the number of clusters in a dataset, which can be used to estimate the actual number of
clusters.

In the work of [11] Fahim , a technique for determining near-optimal initial centers and k values
is presented. The preprocessing stage in the suggested method establishes the initial centers and the
number of clusters before the k-means algorithm is applied. It computes the mean values for objects
inside each cluster to guide the k-means process after using a density-based technique to create initial
clusters without knowing the number of clusters beforehand.

Muhima et al. [12] used a hybrid genetic algorithm polygamy with K-means (GAP K-means) for
grouping hotspot data in the investigation. The initial centroid of K-means was found using the GA
polygamy, which addressed its sensitivity and sped up the process of finding the best answer.

In this paper, it stems from several advanced mathematical elements.

It integrates a comprehensive mathematical analysis, including the derivation of the within-
cluster sum of squares (WCSS) and its implications for clustering quality. The incorporation of
rigorous evaluation metrics, such as the Silhouette Score, provides a quantitative measure of cluster
cohesion and separation. This metric not only validates the clustering performance but also offers
a deeper understanding of the clustering process. The use of both 3D and 2D scatter plots, along with
the inclusion of centroids, demonstrates innovative geometric representations that enhance the
interpretability of the clustering results.

The paper discusses the computational complexity of the k-means algorithm, ex- pressed as
O(n, k, t, d), highlighting its efficiency and scalability. By addressing practical applications and
limitations, such as the algorithm’s sensitivity to initial centroid placement and assumptions of
spherical clusters, our research bridges mathematical theory and practical utility.

The suggestions for future research directions, including exploring alternative distance metrics
and incorporating additional features, further showcase our forward- thinking approach, paving the
way for advancements in clustering methodologies. This comprehensive and balanced view adds
significant value to our research, making it a noteworthy contribution to the field.

2 Mathematical Preliminaries
2.1 In terms of Operations Research

In order to guarantee the usefulness of K-Means clustering in operations research, especially in the
healthcare industry for managing diabetic patients, we incorporate further optimization methods:

Objective: Determine the optimal number of clusters K.

1. Elbow Method: Determine the “elbow point” by plotting the within-cluster sum of squares
(WCSS) against the number of clusters (K).

WCSS = ¥¥_; Yrec, 1% — cil|?
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2. Silhoutte Analysis: Measure the quality of clustering by calculating the silhoutte score.

b(@) —a(®
max(a(i),b(i))

Silhouette Score =
where:
- a(i) is the average distance from the i - th point to the other points in the same cluster.
- b(i) is the average distance from the i - th point to the points in the nearest different cluster.
3 Algorithm

The algorithm of K-means is discussed in the works of [13], [14], [15], [16]. We introduce a new
mathematical model that combines operations research methods with K-Means clustering to improve
patient outcome as efficiently as possible.

Model Formulation

The objective of K-Means clustering is to partition a set of n diabetic patients into K clusters,
minimizing the within-cluster sum of squares (WCSS). Each patient i is characterized by a feature
vector x; that includes fasting blood sugar (FBS), post- prandial blood sugar (PPBS), random blood
sugar (RBS), and HbAlc levels.

Objective Function:
Minimize the total within-cluster variance: Minimize
Z§=1 ineck [1; — el |?
Where:
ck is the centroid of cluster k, Cx is the set of patients assigned to cluster Kk, | xi — c i represents the
squared Euclidean distance between patient i and the centroid of cluster k.
Constraints:
Each patient must be assigned to exactly one cluster:
YK yk=1VieL2....n
Ensure that each cluster contains atleast one patient:
Yy =21Vkel2,.. ... K.
Where yix is a binary variable indicating whether patient i is assigned to cluster k:

o {1, if patient i is assigned to cluster k
Yik = 0, Otherwise
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Centroid Update

The centroid of each cluster is recalculated as the mean of all patients assigned to that cluster:

Where:

Ck is the new centroid for cluster k

Cx is the set of data points assigned to cluster k

|.| denotes the cardinality of the set, i.e., the number of data points in cluster k.
3.1 K-Means Clustering Algorithm from Scratch

This is a step-by-step algorithm for K-Means clustering from scratch.

Step 1: Random Initialization

Objective:Randomly select K data points from the dataset as initial centroids to start the clustering
process.

cd eX, k=12, K.

K-means++ Initialization:(for better convergence):

- Choose at random the first centroid.

- Calculate the distance D(x;) to the closest centroid for each data point xi.
- iChoose the subsequent centroid whose probability is proportional to D(x?).
- Continue until centroids are chosen.

Mathematical Concept:

To enhance the quality of the initial centroids, apply the k-means++ initialization technique. In order
to improve clustering and accelerate convergence, this approach selects initial centroids in a way that
disperses them over the feature space.

D(xi)?
YjD(xj)?

P (x) =

where:
D(x;) is the distance from data point x; to the nearest already chosen centroid.
P (xi) is the probability of selecting x; as the next centroid.
Step 2: Assignment Step
Objective: Assign each data point to the nearest centroid.
Mathematical Concept:

Calculate the Euclidean distance between each data point xi and each centroid cx:
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d(x;, cp) = Z(xij — ¢ij)?
=1

Assign each data point x; to the cluster with the nearest centroid:

o {1,if k = argmin d(x;, cy)
k= 1o, Otherwise

where yix is a binary variable indicating cluster assignment.
Step 3: Upadate Step
Objective: Update the centroids with respect to the current cluster assignments.
Mathematical Concept:

Recalculate the centroid of each cluster to be the mean of all points assigned to that cluster:

where: Cy is the set of points assigned to cluster k.

|Cy| is the number of points in cluster k.

Step 4: Iteration

Objective: Repeat the assignment and update steps till convergence.
Mathematical Concept:

Repeat Steps 2 and 3 until the centroids no longer change significantly or a predefined number
of iterations is reached.

Convergence Criterion:
llei — ckll < €
ct*1is the updated centroid at iteration t+1.
c% is the centroid at iteration t.
€ is a small positive threshold.
3.2 Working Model Algorithm
First Step: Initialization and Importing Libraries

Import Libraries: Import the necessary libraries for data manipulation, preprocessing and clustering.
The code in Python sets the stage for data processing and model implementation by importing all
required libraries. This foundational step is crucial for any subsequent data analysis, clustering, or
regression tasks.
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Second Step: Loading and Displaying the Dataset

~Load the Dataset: Load the dataset from a specified file path and display the first few rows to
verify the data. This step involves reading the CSV file containing our dataset and printing the first
few rows to ensure that the data has been loaded correctly. Adjust the file path variable to match the
location of our CSV file on your computer.

Moreover, the paper discusses the computational complexity of the k-means algorithm, expressed as
O(n, k, t, d), highlighting its efficiency and scalability. By addressing practical applications and
limitations, such as the algorithm’s sensitivity to initial centroid placement and assumptions of
spherical clusters, our research bridges mathematical theory and practical utility. The suggestions for
future research directions, including exploring alternative distance metrics and incorporating
additional features, further showcase our forward-thinking approach, paving the way for advancements
in clustering methodologies. This comprehensive and balanced view adds significant value to our
research, making it a noteworthy contribution to the field.

0: Hyper (greater than Normal) 1: Hypo (less than Normal)
2: Normal
Third Step: Extracting Features and Target, Standardizing Data

Extract Input Features and Target, Standardize the Data: Extract the input features (first four columns)
and the target column. Standardize the features for k- means clustering.

Extract Input Features: Select the first four columns of the dataset as input features (FBS, PPBS, RBS,
Gender ).

Extract Target Column: Select the ’Outcome’ column as the target variable for classification tasks.

Standardize the Data: Use Standard Scaler to standardize the input features. This ensures that each
feature contributes equally to the distance calculations in k-means clustering, as standardized features
have a mean of 0 and a standard deviation of 1.

This step is crucial for preparing the data for k-means clustering and subsequent classification tasks.
Fourth Step: K-Means Clustering

K-Means Clustering: Initialize the k-means algorithm with the desired number of clusters, fit it to the
scaled data, assign cluster labels, and display the clustering results.

Initialize K-Means: The K-Means object is initialized with the specified number of clusters (e.g., 3)
and a random state for reproducibility.

Fit the Model: The k-means algorithm is applied to the standardized data (Xscaiea), Which clusters the
data into the specified number of clusters.

Assign Cluster Labels: The resulting cluster labels are assigned to the original dataset in a new
column named ’Cluster’.

Display Clustering Results: The distribution of data points across the clusters is displayed using
the value counts () method.
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This step completes the k-means clustering process, allowing us to analyze the clustering results
within our dataset.
Fifth Step: Visualizing Clusters with a 3D Scatter Plot

3D Scatter Plot for K-Means Clustering: Create a 3D scatter plot to visualize the clusters
formed by the k-means algorithm, including the cluster centers.

Import Libraries: Import the Axes3D module from mpl toolkits.mplot3d and matplotlib.pyplot for
plotting.

Create 3D Scatter Plot:
Initialize a figure and a 3D subplot.

Plot the clusters using a scatter plot where each data point is color-coded based on its cluster
label.

Plot the cluster centroids with distinct markers.
Add Titles and Labels: Set the title and labels for each axis to make the plot understandable.

Display the Legend and Grid: Add a legend to distinguish the centroids from the data points and
enable the grid for better visualization.

Show the Plot: Render the plot on the screen.

This step will help us to visualize the clustering results in a 3D space, making it easier to
analyze the clustering performance and understand the data distribution.

Sixth Step: 2D Visualization of K-Means Clustering

(FBS vs PPBS) Plotting the Clusters Using FBS and PPBS as the Axes: Create a 2D scatter
plot to visualize the clusters formed by the k-means algorithm using FBS and PPBS as the axes.
Create 2D Scatter Plot: Initialize a 2D scatter plot with a specified figure size.

Plot Clusters:
The first scatter plot displays the data points, colored by their cluster labels.

The second scatter plot shows the cluster centroids with distinct markers and colors. Add Titles and
Labels: Titles and axis labels are added to clearly describe the plot.

Display Legend and Grid: A legend is included to differentiate between data points and centroids.
The grid is enabled for better visualization.

Show the Plot: Render the plot on the screen.

This visualization helps in understanding the distribution of clusters with respect to FBS and
PPBS, providing clear insights into the clustering results.

Seventh Step: 2D Visualization of K-Means Clustering (PPBS vs RBS)

This visualization focuses on the relationship between PPBS and RBS, providing another
perspective on the clustering results.
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Eighth Step: 2D Visualization of K-Means Clustering(FBS vs RBS)
This visualization exhibits the relation between FBS and RBS.
3.3 Algorithm in Table Format
Table 1: Algorithm Steps

Step No. Algorithm Idea Ilustration
Step 1 Initialization and Importing Libraries In Coding
Step 2 Loading and Displaying the Dataset csv file of our dataset(Figure 2 shows 5
patient’s report)
Step 3 Extracting Features and Target, FBS, PPBS, RBS, Gender
Standardizing Data
Step 4 K-Means Clustering Figure 3
Step 5 [Visualizing CLusters with a 3D Scatter Plot Figure 4
Step 6 | 2D Visualization of K- Means Clustering Figure 6
(FBS vs PPBS)
Step 7 | 2D Visualization of K- Means Clustering Figure 7
(PPBS vs RBS)
Step 8 | 2D Visualization of K- Means CLustering Figure 8
(FBS vs RBS)
4 Observations

In the observation section we are displaying the first 5 rows of the datasets in figure 1 as the
complete exhibition (1050 patients reports) is a little bit difficult task.

K-means Clustering Labels:

Cluster

p. 410

(2] 383

1 256

Name: count, dtype: int64

Figure 2: Display of Clustering Value Count

Figure 3: FBS vs PPBS vs RBS Figure 4: K Means Cluster Centres
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Figure 5: FBS vs PPBS Figure 6: PPBS vs RBS
Results and Discussion

The application of k-means clustering to the diabetes dataset has revealed distinct groupings of patients
based on their FBS, PPBS, RBS, and Gender values. By minimizing the within-cluster sum of squares
(WCSS), the algorithm effectively identified three clusters, each represented by a centroid. The
centroids, as calculated,

Figure 7: FBS vs RBS

provide a clear mathematical representation of the central tendencies of each cluster, offering
insights into the typical values and variation within these patient groups.

The visualizations, including both 3D and 2D scatter plots, further illustrate the spatial distribution of
data points across the clusters. These plots, which show the clustering boundaries and centroids, allow
for a better understanding of how the data is structured and how well the clusters are separated. The
calculated Silhouette Score quantitatively validates the clustering performance, indicating well-
defined clusters with clear separations, thereby confirming the efficacy of the k-means algorithm in
this context.

From a mathematical standpoint, the k-means algorithm’s efficiency and convergence properties make
it a robust tool for partitioning datasets. Its computational complexity O(n.k.t.d.)[The notation
O(n.k.t.d.) represents the time complexity of the k-means clustering algorithm. In this context: n
is the number of data points, k is the number of clusters, t is the number of iterations the algorithm
runs, d is the number of dimensions (features) in the dataset], ensures suitability for large datasets,
while its iterative nature guarantees convergence to a local minimum. Despite its sensitivity to initial
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centroid placement and assumptions of spherical clusters, the algorithm provides a valuable method
for uncovering patterns and correlations within medical data. These insights can inform personalized
treatment plans, improving patient outcomes by targeting the specific needs identified within each
cluster. Future research could focus on refining the algorithm’s robustness and exploring its
application to different medical datasets to enhance healthcare decision-making.
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