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Abstract r N

The increasing availability of structured primary care data creates opportunities to identify latent patient subgroups
that could support exploratory analysis, improve patient stratification, and inform clinical decision support. This
paper presents an interpretable unsupervised learning model based on K-Means clustering for identifying patient
health patterns from demographic, physiological, and clinical features. The analyzed dataset includes age, gender,
blood pressure, pulse, cholesterol level, body mass index, diagnosis, and treatment plan. Missing numerical values
were imputed, categorical variables were encoded, non-essential identifiers were removed, and retained features
were normalized to prevent scale bias before clustering. The Elbow Method identified the selected number of
clusters, while silhouette analysis assessed internal cohesion and separation. Model interpretation was augmented
with Principal Component Analysis, a correlation heatmap, feature-distribution graphs, box plots, a radar chart,
and cluster-size visualizations. Three balanced patient populations were identified with different demographic,
cardiovascular, metabolic, diagnostic, and therapeutic characteristics. Cluster 1 showed the highest mean age,
blood pressure, heart rate, and body mass index, indicating a more adverse risk profile. Cluster 0 showed high
average cholesterol and diagnostic coding, while Cluster 2 was younger, with a lower heart rate, moderate body
mass index, and an alternative treatment pattern. The mean silhouette score of 0.0929 indicates substantial
overlap among patient records, so the clusters should be regarded as exploratory phenotypes rather than clinical
categories. Despite this limitation, the combined clustering and visualization workflow reveals multivariate patterns
that may remain unnoticed in univariate descriptive statistics. The framework provides a systematic starting point
for healthcare-data evaluation and requires validation using larger, longitudinal, and externally sourced clinical
datasets.

Keywords. K-Means clustering, Healthcare analytics, Unsupervised learning, Patient stratification, Clinical decision support, Interpretable ma-
chine learning.
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1. INTRODUCTION

Health systems are increasingly generating structured and semi-structured data through electronic health records,
laboratory systems, monitoring devices, insurance systems and hospital information systems. The interpretation
identifies patients from multiple complementary angles, including demographic data, physical examination, biochemical
and metabolic information, as well as clinical diagnosis and therapy choices. When all the right data is examined, it
will reveal trends that are much harder to see using an individual variable or relatively standard summary measures.
As a result, machine-learning approaches have emerged as an important analytical tool for health-risk assessment
and disease surveillance and clinical decision-making because they are able to analyze the multidimensional data and
extract relationships that may help practitioners and healthcare professionals [1, 16].
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One major challenge, though, is that many healthcare databases do not contain reliable target labels. As current
models of care are increasingly reliant on data and channels of health, diagnostic classifications may be too limited
(the result of a single test is unlikely to correlate perfectly with what you see in the clinic), therapeutic codes may not
produce a one-to-one correlation with your result. Supervised models are limited in these scenarios as they require
a known response variable ahead of time. Another perspective comes from the area of unsupervised learning that
investigates the underlying structure in feature space. Whereas clustering identifies patients into groups based on
similarity, without prediction or predetermined outcome, and may also discover subpopulations for further clinical
investigation. This capability is critical to precision medicine, wherein patients with the same nominal diagnosis share
heterogeneous risk profiles, physiology, treatment dependencies, or predicted burden of healthcare resource utilization
[8, 19].

At its core, patient classification is a multi-faceted problem. On the other hand, while cardiovascular and metabolic
health are characterized by age, blood pressure, heart rate, cholesterol levels and BMI diagnosis & therapeutic factors
provide clinical context. A patient with moderate characteristics on a single variable may show an even higher risk
profile when many are evaluated together. By clustering, these features could be combined together, and records could
be grouped according to their similarity. However, innovative healthcare research has demonstrated that unsupervised
analysis can uncover clinically distinguishable risk categories, medication treatment and resource use patterns [6, 15,
21]. These findings support the use of clustering for exploratory analysis of population health metrics.

K-Means remains a widely used among centroid-centric techniques because it is computationally efficient, scalable,
reproducible by seeding initializations, and relatively interpretable. This method assigns each observation to the
nearest centroid and iteratively improves the cluster centers, minimizing intra-cluster variability. These features make
it a suitable transparent base for tabular data in the healthcare space. However, its simplicity does not free us from
important methodological requirements; K-Means is sensitive to feature scales, to outliers, to initialization, to the
number of clusters you select and also the numerical encoding of respective categorical variables. Therefore, an ideal
healthcare application needs to properly log the preprocessing decisions taken and evaluate their impact critically
rather than directly claim the cluster labels being equivalent as clinical diagnosis.

This is quite critical for data preparation, particularly when demographic, physiological and clinical factors are
considered simultaneously [5]. Handle missing values without inflicting drastic bias, remove non-informative identifiers,
and pass by normalizing the variables that are measured in different units. Without scaling, features with larger
numerical ranges may dominate the Euclidean distance and determine the split that is created. Similarly, categorical
encoding has to be expressed explicitly as numbers can lead to a false order. Modern pretreatment guidelines highlight
that data transformation and feature engineering are aspects of the analytical model, rather than mere auxiliary
technical processes [11, 13].

Another challenge is the selection and validation of clusters. It can be hard to evaluate the quality of the partition
in unsupervised learning since there are no ground-truth labels, making classification accuracy a poor metric. The
Elbow Method provides a intuitive guide for where diminishing reductions in within-cluster sum of squares take place
as K increases. In this respect; silhouette analysis improves the assessment through a comparison of intra-cluster
coherence and the distance to the nearest neighboring cluster [17]. Countless studies in real-world health datasets
would earn a low or modest silhouette score because the biological and clinical conditions are in constant flux - not
simply defined categories. As such, validation results should be reported honestly and interpreted in the context of
feature profiles, cluster size and relevance to domain.

Interpretability is central to the real-world utility of clustering. An algorithm yielding several labels for a division
is not useful unless the resulting classes can be characterized by variables that are interpretable to clinicians and
health care analysts. Various visualization methods such as PCA projections, box plots, cluster-profile heatmaps,
distribution plots and correlation heatmaps demonstrate differences in the cluster centroids, variability of clusters
or overlap between clusters or segments including outlier detection. Combining quantitative summaries with various
visual perspectives reduces key metric dependency and facilitates the exploration of underlying patient trends.

Despite a growing literature surrounding artificial intelligence in healthcare, much of the existing work still cen-
ters around supervised prediction, image classification or disease-specific outcome assessment. Few studies present a
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holistic, interpretable framework for making sense of broad structured healthcare data containing demographic, phys-
iological, diagnostic and therapy information. Additionally, some clustering studies focus on the performance of the
algorithm with minimal clinical elucidation of the observed clusters. This creates a methodological gap for conducting
transparent exploratory research which builds clear linkages between preprocessing, cluster-number determination,
internal validation, multivariable visualization and cautious clinical inference.

In order to address this deficiency, the present study employed K-Means clustering on a structured dataset including
age, gender, blood pressure, heart rate, cholesterol level, BMI as well as diagnosis and treatment regimen. This
contribution is not in generating a new clustering method, but rather about the formulation and evaluation of a joint
coherent reusable and interpretable analytical framework to discovering patient profiles across heterogeneous healthcare
data. The research: (i) prepares several variables for distance-based analysis with imputation, encoding, feature
selection, and standardization; (ii) determines a three-cluster solution using the Elbow Method; (iii) evaluates the
partition by silhouette analysis; and (iv) interprets patient groups through tabular summaries additional visualizations.
The resulting clusters should be considered exploratory health profiles, rather than diagnostic labels to maintain a
clear distinction between identification of patterns driven by data and clinical verification.

2. RELATED WORK

In current literature on healthcare artificial intelligence, it emphasizes the criticality of data-centric approaches
towards prevention, diagnosis and patient surveillance. Hameed Mousa et al. [10] designed an early screening and
intervention mobile health framework for diabetes, while Alazzawi et-al. [3] presented a novel deep-learning-based
multimodal health data-enhanced framework for heart disease early-stage detection. These investigations illustrate
the increasing ability of computational models to integrate many aspects of health. However, the main focus for them
is supervised prediction. The present work addresses an additional but related question: Can we identify important
patient structures without a definitive target label?

Healthcare analytics is strongly influenced by data preprocessing and feature representation. Kang et al. [12] com-
bined dynamic clustering with particle-swarm optimization in order to perform feature selection from high-dimensional
healthcare datasets, while Dai et al. [7] present a method combining neighborhood-entropy for heterogeneous feature
selection. Izonin et al. Normalization techniques can greatly impact the effectiveness of medical models as demon-
strated by [11]. Although their contributions mostly foeus on improving prediction models, their main finding also has
implications for clustering: the usefulness of the inferred structure is determined by how well comparable are variables.
This study explicitly records how missing values are dealt with, the encodings applied for different categories, features
omitted and normalization.

Agyemang et al. Class imbalance in the context of high dimension low sample size (HDLSS) health-data categoriza-
tion including preprocessing influence remains also unexplored [2]. Shoaib Al-Khamees et al. [4] proposed an adaptive
k-nearest-neighbor algorithm for diabetes and breast cancer prediction. In both investigations, the general trend to-
ward algorithmic decision assistance is strengthened, but they are guided by results with annotations. Exploratory
clustering does not require knowledge of clinically meaningful categories a priori. Thus, it may be useful during the
exploratory part of research when the goal is to develop hypotheses, explore variation or discover subset populations
for later supervised confirmation.

Machine learning has progressed rapidly in medical imaging. Amin et al. [5] presented a joint approach to classify
COVID-19, tuberculosis and pneumonia using chest radiographs. Vong et al. Zhu et al. [20] This review focused on
deep-learning techniques for glioma histopathology Photoacoustic-orientated Feature Based Framing for Lung Cone-
Beam CTv [22]. We explore these image-centric inquiries which operate with high-dimensional visual datasets with
diagnostic or reconstruction objectives. Although they capture the variety of medical Al, they differ from the present
study in that those tasks are not all employed based on structured data. This gap emphasizes the need for transparent
yet practical methods when only tabular clinical data is available.

New studies provide direct evidence for clustering inside the healthcare sector. Momahhed et al. [15] investigated K-
Means clustering on outpatient prescription claims to identify groups characterized by distinctive medication-exposure
trajectories. Yang et al. A smart-healthcare framework in which cluster methodologies were applied to medical
(imaging) information [21]. Eckardt et al. In the field of cancer research, [8] used unsupervised meta-clustering
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on clinical and genomic data to identify risk profiles in acute myeloid leukemia. Taroi (Yassin Cataniciu) recently
characterized a cohort of patients with chronic ulcers [6] and K-Means clusters to healthcare resource utilization.
Together, these investigations demonstrate that clustering can expose clinically or operationally important subtypes
of patients in a broad range of health care settings.

Methodology continues to improve upon classic partitioning methods. Zubair et al. On the other hand, [23] pro-
posed an improved K-Means method with better performance of data-driven modeling, whereas Lai et al. In [14],
silhouette-based weighting was applied to improve the effectiveness of K-Means. These developments address well-
known limitations of traditional centroid-based clustering, such as sensitivity to initialization and geometric cluster
shape. The current work intentionally uses the standard K-Means algorithm as an understandable baseline. This alter-
native enables a clear assessment of insights derived from disciplined preparation, internal validation and visualization
first before the more complex alternatives are presented.

Since, unsupervised methods cannot be monitored by existing labels internal validation is essential. Silhouette
analysis is used to evaluate clustering and a comprehensive review of this topic can be found in the work by Shutaywi
and Kachouie [17], while Ekemeyong Awong and Zielinska [9] analyzed clustering quality in self-organizing maps.
These studies illustrate that for a cluster solution; no single metric fully explains its value. But a low silhouette
value suggests true overlap, especially with health populations where risks are changing from time to time. Thus,
the present work merges together the Elbow Method and silhouette coefficient via cluster equilibrium proportions,
centroid profiles, PCA based ac- curacy visualization, as well as feature level distributions.

3. DATA AND METHODOLOGY

3.1. Data description. This study uses a healthcare dataset provided by Kaggle [18]. It contains 500 patients’
data which includes demographic, physiological and clinical datasets. Preserved variables are Age, Gender, Blood
Pressure, Heart Rate, Cholesterol Level, BMI and Diagnosis and Treatment Plan. Together, these features provide a
multidimensional characterization of patients and allow an exploratory assessment of whether records are homogeneous
subsets without specifying cluster-based outcome classes in advance.

The dataset from an analytical point of view can be represented as a multivariate matrix:

X = [JC”] S RnXp, (31)

where n is the total number of patient records while p is the number of selected healthcare features. The dataset can
be clarified using a feature vector: Each patient ¢ has a feature vector:

T; = (Ti1, i - -+, Tip) (3.2)

where z;; is the value of j-th feature for i-th patient. The healthcare dataset can be understood as patient vectors in
multivariate feature space.

Three conceptual categories were identified in the preserved characteristics. Age and gender were collected as
demographic data. Physiological and metabolic factors included blood pressure, heart rate, cholesterol concentration
and body mass index. The clinical details comprised diagnosis and management. This integration enables the clustering
algorithm to account for background characteristics, current health indicators/metrics and management data at the
same time.

Figure 1 is a schematic of relationships between the quantitative and encoded features. The diagonal elements
are equal to one because each variable is fully correlated with itself. Most off-diagonal coefficients are weak, which
indicates loose linear dependence among the variables selected. Weak correlations, do not mean clinical irrelevance as
they suggest that certain characteristics provide additional insight, and the final clustering outcome is highly unlikely
to be determined by a single significant collinear pair.

3.2. Data preprocessing. Prior to clustering, a systematic preprocessing stage was performed to reduce the pos-
sibility of missing values, inconsistent data types, identifiers or different scaled measurements generating false splits.
Data preparation involved the following steps: imputation of missing values, encoding of categorical variables, non-
informative identifiers removal, features selection and Z-score normalization. These changes were done before the
assessment of the final K-Means model.
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F1GURE 1. Correlation heatmap of healthcare features.

Missing numerical observations were replaced with the given attribute median. Median imputation was preferred
across other methods because it is much more robust and yields less bias for clinical measurements with skewed
distributions or outliers when compared to mean imputation. This technique retains all patient records but diminishes
the effect of statistical outliers.

For a numerical feature x;, the imputed value is expressed as:

mmp

) median (z;). (3.3)

This strategy preserves the central tendency of the variable while minimizing distortion caused by extreme obser-
vations.

Gender, Diagnosis, and Treatment Plan are categorical variables and so cannot be easily incorporated into normal
Euclidean K-Means. These variables were converted into numerical codes prior to model fitting. This depiction
facilitates computation, although the ensuing codes have to be regarded as analytical encodings instead of clinically
significant continuous scales.

If a categorical variable contains k distinct categories, the transformation can be represented as:

f(ci):zia i:1727"'7ka (34)

where ¢; denotes the original category and z; its corresponding numerical value.
Fundamental label encoding has a limitation that by mapping Categories to numbers, it may indicate there is an
ordering or distance between categories. The clusters were cautiously evaluated as the encoded clinical variables were
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not used to guide segmentation. Future validation should assess one-hot encoding or clustering methods targeted in
heterogeneous data types.

Variables not clinically related to patient health, such as a Patient ID (identifiers offer no clinical information
and may cause unnecessary variation), were filtered out. Retained those factors which were related to demographics,
physiology, metabolism, diagnosis or therapy.

The final feature subset used in this study is given by:

X = {Age, Gender, Blood Pressure, Heart Rate, Cholesterol Level, BMI, Diagnosis, Treatment Plan}. (3.5)

This results in a more interpretable feature space that ensures similarity is derived from patient characteristics
rather than administrative identifiers.

Several numerical scales were then used to evaluate the preserved variables. For example, age, blood pressure,
cholesterol and BMI values are between certain ranges, while our categories that we encode using few integers. If we
compute Euclidean distance on unnormalized values the feature ranges will dominate the partition.

To alleviate this issue, we centered and scaled all of the features with z-score normalization. The transformation is
defined as:

_ Tig — My
Zij = ——,
0j

(3.6)

where

x;; is the original value of the j-th feature for the i-th patient,
tt; is the mean of feature j,

0; is the standard deviation of feature j,

z;j is the normalized value.

Z-score normalization normalizes each variable to a mean of zero and expresses the observations as how many
standard deviations they are from the mean. This adjustment makes the scaled sizes have a fairly similar effect on
the K-Means objective, still nothing that removes the conceptual limits of encoding categorical features completely.

The analytical process is summarized in Figure 2. It starts with the well-structured healthcare data set, passes
through several steps of data cleaning, imputation, categorical encoding, feature selection and standardization then
evaluates the possible number of clusters using the Elbow Method. Thereafter, the definitive K-Means essentially
labels clusters, which is assessed through silhouette analysis and clarified with numeric summaries and graphical
representations.

3.3. K-Means clustering. The K-Means function was used in the second step, as the main algorithm for unsuper-
vised learning. When given a new patient, the algorithm will separate patient records into K different disjoint clusters
such that variation within each group is kept to a minimum. Members assigned to the same cluster are hypothesized
to have more similar standardized feature profiles, while members assigned to different clusters are hypothesized to
be more dissimilar. These methods were chosen for being a common standard for exploratory analysis of tabular
healthcare data, clear and computationally efficient.

Let the dataset be partitioned into K clusters:

C={C,Cyq,...,Cx}, (3.7)
such that
Cl' n Cj = fori 7é j, (38)

and

Ci=X. (3.9)
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F1GURE 2. Flowchart of the proposed K-Means clustering framework for healthcare data analysis.

3.4. K-Means objective. The objective of K-Means is to minimize the WCSS (within-cluster sum of squares), also
known as the clustering objective function:

K
T=% > le—mwl?, (3.10)

i=1 xz€C;
where

e J is the total clustering cost,

e (; denotes the i-th cluster,

e 1; is the centroid (mean vector) of cluster ¢,

e ||z — p;))? is the distance between a patient record and the cluster centroid.

Each cluster centroid is calculated by:
1
pi=—m >, (3.11)
|Cl| zeC;

where |C;| denotes the number of observations assigned to cluster i.

3.5. Distance Metric. Similarity between standardized patient profiles was quantified using the Euclidean distance.
This measure is the same as the K-Means objective function and calculates the direct distance in feature space for two
observations after data transformation. The clustering is also less biased, since no individual continuous feature might
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be allowed to dominate the distance calculation only because it is measured in a different unit (for example meters)
or numeric range.

p
d(xp,xq) = (Tpj — xqj)2- (3.12)
=1

J

This value indicates the proximity or distance between two patient profiles in the standardized feature space.
Because all features had been normalized before applying clustering, Euclidean distance serves as an equally weighted
similarity metric across all dimensions.

3.6. Algorithmic procedure. K-Means clustering is an iterative optimization process that can be distilled into the
following steps:

1. Select the number of clusters K.

Initialize K centroids randomly in the feature space.

Assign each patient record to the nearest centroid according to Euclidean distance.
Recalculate each centroid as the mean of all records assigned to that cluster.
Repeat the assignment and update steps until convergence is achieved.

G D

Convergence occurs when either:

e cluster assignments no longer change, or
e centroid positions become stable between iterations.

3.7. Optimal number of clusters. The value chosen for K is a crucial aspect of the model. Too few clusters may
merge clinically different profiles, while too many clusters may lead to unstable or over-fragmented groups. Elbow
Method was used here, testing across the different possible K values through the movement of within-cluster sum of
squares The solution is concordant to the way beyond which more clusters will produce rather minor improvements
in compactness.
The Elbow Method was used to decide the most suitable number of clusters. This method examines WCSS for a
range of K and takes note of where the decrease in clustering error appears to plateau.
The WCSS for a specific K is computed as follows:
K
WOSS(K) =3 3 e — ul®. (3.13)
i=1 z€C;
The optimal value of K is selected at the “elbow point”, where adding more clusters does not provide a significant
gain in compactness.

3.8. Cluster Validation. Since there are no reference labels, internal validation was used to evaluate the partition.
The silhouette coefficient compares a patient to every other patient in the same cluster average distance to the patient
in the nearest neighboring cluster smallest average distance. Positive values imply that a record is closer to its given
cluster, values near zero indicate border overlap and negative values suggest an alternative cluster would be more
appropriate for the assignment.
Let:
e a(i) = average distance between record ¢ and all other records in the same cluster,
e b(i) = minimum average distance between record i and all records in the nearest neighboring cluster.

Then the silhouette score for observation ¢ is defined as:

(i) — ai)
0 = (e (0.6 (3.14)

The overall silhouette score for the dataset is computed as:
1 n
S=- ). 3.15
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The interpretation is as follows:

e S~ 1 : strong cluster separation,
e S ~ 0 : overlapping clusters,
e S5 < 0 : potential misclassification.

This measure provides an indication of whether the discovered patient groups are compact and distinct.

3.9. Reduction and visualization. PCA was used for visualization purpose 2D projection of standardized feature
space only and clustering itself was performed in the full set of retained standardized variables. PCA is a dimensionality
reduction technique that succinctly capture the primary axis of variation in the data and then visually expose how
well clusters separate or overlap. To characterize group-level differences, we used additional box plots, distribution
plots, a radar chart and cluster-frequency plots.

The transformation induced by PCA can be expressed as:

Z=XW, (3.16)
where

e X' is the standardized feature matrix,
e W is the matrix of eigenvectors,
e 7 is the transformed lower-dimensional representation.

The covariance matrix is computed as:

D= i : (X’)TX/, (3.17)

and the principal components are obtained by solving:
Yv = v, (3.18)

where v represents an eigenvector and A is the corresponding eigenvalue.

3.10. Software implementation and reproducibility. implemented of the analysis using common open-source
scientific-computing libraries in Python. The scikit-learn library was used for preprocessing, K-Means clustering,
silhouette analysis and PCA, the pandas and NumPy libraries were used to handle data and perform numerical
operations. Visuals were created using Matplotlib and Seaborn. To improve reproducibility, a random state should
be set for centroid initialization. Further, any public release of the code should also report the complete preprocessing
configuration, candidate K range, initialisation settings and library versions.

3.11. Clinical interpretation and practical applications. The proposed workflow could enable preliminary iden-
tification of groups in need of further evaluation in addition to population health assessment and exploratory patient
stratification. A higher-risk cluster (e.g. Cluster 1) may support targeted screening or resource planning, whereas
differentiated prevention or follow-up strategies may be indicated for other clusters. These applications continue to
function as decision-support tools, rather than automated clinical decisions. Cluster membership must not be a substi-
tute for physician judgment, established diagnostic criteria or prospective validation. The low silhouette score stresses
the need for external outcome validation, an analysis of stability, replication in a larger dataset and clinically relevant
encoding strategies before any clinical application.

4. RESULTS

The standardized healthcare dataset was split into three clusters using K-Means. The three groups exhibited specific
patterns with respect to age, blood pressure, heart rate, cholesterol level, BMI, diagnosis encoding and treatment-
plan encoding. These differences suggest the algorithm was able to capture multivariable patient profiles instead of
classifying records based on a single measurement. Cluster interpretation: As the analysis was unsupervised and the
average silhouette value was low, clusters are interpreted as exploratory phenotypes needing external clinical validation.

Table 1 shows the distribution of the 500 patient records. There are 170 patients (34.0%) in cluster 0, 157 patients
(31.4%) in cluster 1 and there are 173 patients (34.6%) in cluster 2. The sizes are more or less equal, thus assuaging
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fears the solution is biased by a tiny fringe cohort. However, balance in itself does not indicate clinical validity; it
should be viewed alongside the cluster profiles and internal-validation findings.

TABLE 1. Cluster distribution of patient records.

Cluster ~ Number of patients Percentage (%)
Cluster 0 170 34.0
Cluster 1 157 314
Cluster 2 173 34.6
Total 500 100.0

Table 2 provides the clearest basis on which to articulate rationale for the three groups. Cluster 1 was the cluster
with the highest mean age (61.02 years), blood pressure (139.89), heart rate (85.66) and BMI (34.10). This combination
has a relatively high cardiovascular and metabolic risk profile. Cluster 0, is younger on average and has the highest
mean cholesterol level (248.54), as well as the highest diagnosis encoding determining a more peculiar clinical pattern
not explained by age or BMI alone. Cluster 2 is also the youngest, has the lowest mean heart rate (72.54), moderate
blood pressure, and the highest encoding of treatment-plan. The results illustrated that the groups differ in their
combinations of manifest variables characteristic of them.

TABLE 2. Mean feature values across the identified clusters.

Feature Cluster 0 Cluster 1  Cluster 2
Age 41.62 61.02 42.55
Gender 0.73 0.99 1.20
Blood pressure 119.60 139.89 138.05
Heart rate 81.10 85.66 72.54
Cholesterol level 248.54 212.82 218.76
BMI 26.95 34.10 26.72
Diagnosis 3.12 2.04 0.97
Treatment plan 1.66 2.06 2.29

The selected pairwise associations are presented in Table 3. Most connections fall in the weak or weak-to-moderate
correlation range, indicating that the attributes do not directly serve as substitutes for one another. This is suitable
for exploratory clustering, since one side of the split could be a healthy attribute, while the other indicates symptoms
of disease. We only use correlation matrix to measure linear dependence without accounting for nonlinear dependences
or interactions.

TABLE 3. Correlation matrix summary of the selected healthcare features.

Feature pair

Age-BMI

Blood pressure-heart rate
Cholesterol level-diagnosis
Gender—cholesterol level
BMI-heart rate

Correlation interpretation

Weak positive relationship
Weak to moderate relationship
Weak positive relationship
Weak negative relationship
Weak positive relationship

Table 4 presents the results of the internal assessment. Elbow Method revealed that K = 3, while the average profile
of silhouette score was at 0.0929. A value close to 0 indicated that a lot of observations are located on the edges of
clusters, meaning the groups are quite overlapping with each other. The result should be seen as either differential
separation or gentle separation. Indicates a nonserious but perceptible exploratory schema among a mixed age-class.
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These clusters may lay the foundation for a hypothesis-generating descriptive classification but should not operate as
independent diagnostic entities.

TABLE 4. Clustering quality evaluation.

Evaluation metric Value
Optimal number of clusters (K) 3
Average silhouette score 0.0929

For k = 1 to 10, the decrease in the within-cluster sum of squares is plotted in Figure 3. In the first few solutions,
the curve drops off rapidly and begins to plateau. The strongest change in slope suggests a partition of three clusters.
Maybe it is not the right k but, for sure, the selected K represents a balanced compromise between interpretability
and throughput even thougth this rule of thumb is partly subjective and should be applied together with silhouette
analysis.

Elbow Method for Optimal K
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Inertia

3600 -
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1 2 3 4 5 6 7 8
Number of Clusters (k)

Fi1cUure 3. Elbow Method for selecting the number of clusters.

The clustered records are visualized on the first two principal components (PC1 and PC2) in Figure 4. There
is a substantial amount of overlap, but each color occupies partially different regions. This agrees with our earlier
results showing a low silhouette score and supports the notion that patient profiles fall along continua rather than
form isolated classes. All the following experiments use only PCA for visualization, not as a substitute for evaluation
in full standardized feature space.

Figure 5 confirmed that the numbers of patients are almost evenly distributed among the three groups. Clusters
with comparable sizes improve the stability of feature summaries comparisons and help eliminate cases when a cluster
only represents a small group of unrepresentative records. Clinical relevance is determined by the characteristics of
the groups rather than the size.

Cluster-level feature profiles can be compared in a manner similar to that shown in Figure 6, where group-
differentiating dimensions are most apparent. Cluster 1, which is older and visibly shows increases in blood pressure,
heart rate, and BMI; cluster 0 show higher cholesterol and diagnosis encodings; and cluster 2 slightly lower HR along-
side a different treatment pattern. Thus, the profile plot provides further evidence for a multivariable interpretation
of patient heterogeneity.
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PCA Visualization of K-Means Clusters
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FIGURE 4. PCA visualization of K-Means clusters.
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FI1GURE 5. Distribution of patients across clusters.

Cluster-wise distribution of selected variables is shown in Figure 7. We can see differences in location and spread
for age, blood pressure, heart rate, BMI and diagnosis encoding. Simultaneously, overlapping distributions justify
low silhouette coefficient. The panel in the figure shows that clusters tell us about relative tendencies across many
features, not deterministic thresholds.

A silhouette value for individual observations is shown in Figure 8. Values around zero and negative values imply
ambiguous boundaries and alternative candidates within certain records. The average value ~ 0.09 confirms weak
separation. Cluster 2 looks comparatively more compact compared to portions of the plot, but no cluster is completely
free from overlap. This finding underlines the 114 prudent uses of the model as an exploratory segmentation tool.
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Feature Profiles Across Clusters
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FIGURE 7. Cluster-wise distributions of healthcare features.
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Silhouette Score Plot for K-Means Clusters
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FIGURE 8. Silhouette scores for the K-Means clusters.

interquartile ranges and outliers for the key continuous variables presents in Figure 9. These verified

Clusters from the first paragraph correspond to the fact that Cluster 1 typically consists of elderly patients with elevated
blood pressure, heart rate and BMI. They additionally demonstrate sizeable within-cluster variation and overlap, in
accordance with heterogeneous evidence from healthcare data. The plots thus enhance the clinical description of the
groups and re-confirm that the partition does not delineate patient classes sharply.
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5. CONCLUSION

This study developed a K-Means pipeline that is interpretable for use in discovering latent patient patterns using
structured healthcare data. Data were comprehensively analyzed to incorporate demographic, physiological, meta-
bolic, diagnostic and treatment features from the dataset with imputation performed for missing-values; followed by
categorical encoding of variables, removal of non-informative features and finally z-score standardization prior to clus-
tering. To communicate the numerical partition, we characterized clusters based on visualizations and used the Elbow
Method to justify a three-cluster solution.

Of the 1,637 patients screened from February 2013 to May 2016, the three groups were relatively comparable but
clinically different. Cluster 1 with the features of elderly patients and the highest average blood pressure, heart rate
and BMI contained the most pronounced cardiovascular and metabolic profile. Cluster 0 was characterized by high
cholesterol and diagnosis-encoding mean, while Cluster 2 presented a specific treatment-plan pattern, average BMI
and a lower heart rate. These findings further demonstrate that multivariable clustering can bring to light hidden
patient heterogeneity that is otherwise masked by isolated summary statistics.

A silhouette score of 0.0929 is a important limitation. This implies that many patient records overlap and are
not distinctly separate. Consequently, the identified groups should be considered exploratory profiles instead of
categorical clinical phenotypes or diagnostic classes. Thus, while the study does provide some evidence that the
population composition consists of three exploratory patient subgroups, its main contribution is offering a transparent
and integrated analytical workflow.

The framework may facilitate hypothesis generation, descriptive patient stratification, targeted assessment of higher-
risk profiles and planning of health services. Interpretability was supported by integrating cluster centers with PCA,
silhouette analysis, cluster-profile heatmaps, distribution plots and box plot. Nonetheless, any clinical use would
require physician supervision and outcome-based validation, as well as an assessment of the fairness of inferences
across demographic groups.

Future work should investigate the stability of the clusters under repeated initialization and resampling. In addition,
K-Prototypes compares standard K-Means with hierarchical clustering, Gaussian mixture models and density-based ap-
proaches and should have other strategies for one-hot encoding categorical variables as well. Larger multi-institutional
and longitudinal datasets are required to assess generalizability and temporal change. Exploratory profiles must
then be evaluated for their predictive or clinical value by assessing external outcomes, such as resource utilization,
disease progression, treatment response or hospitalization. These represent potential pathways towards the responsi-
ble deployment of healthcare, enhanced by privacy-preserving federated analysis and explainable cluster-assignment
methods.
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