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Abstract

Health insurance databases include key demographic, health-related, lifestyle and socioeconomic
risk factors that allow for the discovery of patterns of policyholder risk. This paper applies
unsupervised machine learning techniques to analyze an insurance cost and risk dataset of 1,338
rows/12 variables. In particular, the overall goal is to find hidden risk classes among policyholders
and gain better insights into determinants of differences in insurance premiums. Initial
preprocessing included checking variable types, imputing missing numerical values, encoding
categorical variables, and standardizing numerical features. Next, multiple clustering techniques
were used which are BIRCH, Gaussian Mixture Model, Agglomerative Clustering (average
linkage), Agglomerative Clustering (complete linkage) and DBSCAN. Clusters were evaluated
using internal validation metrics, namely Silhouette Score, Davies-Bouldin Index, and Calinski-
Harabasz Score. Cluster sizes were examined, and the results were visualized using two-
dimensional PCA plots. Results: BIRCH provided the best clustering framework that clustered all
data into three identifiable low, medium and high-risk insurance groups. The main differences
between insurance risk groups were seen in age, BMI, insurance premiums and associated health-
risk factors based on cluster profiling. Compared to the low-risk group, policyholders in the high-
risk group had higher average insurance charges, older age, and a greater burden of obesity. The
findings nonetheless suggest that techniques for clustering are able to partition health insurance
data, thereby enabling decisions based on modelling and evidence on rate-setting, price elasticity in
the insurance context, and rationalizing expenditures in a healthcare system.
Key words: Health insurance, clustering, BIRCH, Gaussian Mixture Model, DBSCAN, risk
segmentation, data preprocessing, unsupervised machine learning.
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1. Introduction

Health insurance has emerged as a key means of paying for health care in the modern world
because it offers financial protection against unexpected medical events and enables access to care.
At the same time, insurance companies face a perennial challenge to understand how different
demographic, lifestyle, medical and socioeconomic factors drive the costs and risks of insurance.
Age, body mass index, smoking status, blood pressure, prior diseases and disorders of the lungs and
heart or just about any background condition that might affect their health (along with occupational
characteristics), exercise intensity or frequency, income level all can combine in various ways to
characterize a policyholder. As a result, health insurance analysis has moved beyond simple
descriptive statistics and cost summaries. State-of-the-art data-driven approaches are increasingly
and systematically used to reveal hidden patterns in the data, target at-risk populations at high risk
of developing chronic diseases, and thus enabling a much-needed transparency of decision-making
processes in health care or insurance systems.

More recent studies show that machine learning is an effective means for health insurers to
price and analyze relevant costs by highlighting features affecting medical expenditures as well as
segments of consumers. Recent work on intelligent health insurance pricing systems has used both
machine learning and risk-based frameworks to improve premium estimates and decision support
[1]. The research on personalization of insurance premiums has brought out the necessity of
machine learning and explainable analytics in understanding consumer segmentation and
influencing factors for pricing the insurance [2]. These studies show that health insurance prices are
determined by a variety of factors, including health, behavioral, demographic and socioeconomic
characteristics. It requires systematic analytical criteria for segmenting policyholders into major
segments and characterizing the features of each segment.

The majority of health insurance studies discussed above are focused on supervised learning,
where the primary goal is to predict a target variable in this case insurance premiums or claim
expenses. Even though prediction under supervision is useful, it might not reveal the complete
internal structure of the dataset if class labels are not provided. In various real-world insurance
applications, the goals are not simply to predict cost, but rather to identify how policyholders
naturally group together based on their shared characteristics. This makes unsupervised learning
highly beneficial. Unsupervised learning is designed to work with unlabeled data, and it is used to
find hidden structures, patterns or clusters without relying on predefined class labels [3]. This
approach has been used frequently in healthcare for patient segmentation, risk stratification and
phenotyping, particularly when clinical or administrative data include heterogenous populations [4].
Clustering is one of the most common approaches in unsupervised learning. The main goal is to
form groups whose members are more similar to one another than to members of other groups.
Clustering has been used in healthcare research to establish the composition of patient cohorts,
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identify hidden clinical patterns, and augment personalized decision support. The use of clustering
methods to describe biologically important subgroups and the potential for them to help understand
complicated health data was highlighted in a recent paper using unsupervised learning methods for
precision medicine [5]. A practical application of clustering in insurance is the segmentation of
policyholders into low, mid and high risk based on similarities found in demographic, health,
behavioral or financial data. This segmentation can help insurance analysts identify the factor
interaction associated with high insurance costs and risk profiles that are potentially low predicted
risk. This study applies clustering algorithms to a health insurance dataset containing 1,338 records
and 12 variables. The dataset contains demographics (age, sex, region and number of children),
health-related variables (BMI, blood pressure and pre-existing conditions), lifestyle-related
variables (exercise frequency) and occupational risk data; one socioeconomic variable defined by
annual income; and finally, the related insurance costs set by charges. The dataset was
systematically pretreated before clustering. This involved checking data types, identifying missing
values, separating numerical and categorical variables, imputing missing numerical values,
encoding categorical features, and standardizing numerical features. Clustering algorithms hinge on
these procedures as they are sensitive to feature scaling, completeness of data and representing
categorical variables. This paper evaluates five clustering approaches (BIRCH, Gaussian Mixture
Model, Agglomerative Clustering with average linkage, Agglomerative Clustering with complete
linkage, DBSCAN). These methods were selected as they serve to demonstrate some of the
different clustering techniques. BIRCH is an in-memory, hierarchical-clustering algorithm suitable
for incremental or large-scale clustering tasks that produces a tree structure to represent the inherent
data by forming hierarchies [6]. Gaussian Mixture Model (GMM) is a probabilistic clustering
algorithm that models the data as a mixture of several Gaussian distributions and can be useful in
cases where there may be overlapping clusters. Agglomerative clustering is performed with a
bottom-up hierarchical approach combining data at each iteration based on linkage distance [8].
DBSCAN is a density-based algorithm that can identify dense regions and noise points without
requiring the number of clusters in advance. In this study, we perform multiple methodologies over
the same health insurance dataset to analyze tree, probabilistic, hierarchical and density-based
behavior of grouping. In unsupervised analysis, where there is no initial target label for verifying
that a cluster is accurate without ambiguity, simple metrics won't suffice; it needs some form of
cluster validation. As a result, the paper evaluates the quality of clustering results through internal
validation metrics like Silhouette Score, Davies—Bouldin Index and Calinski-Harabasz Score. These
measures are often used in case of lack of ground-truth labels to validate cluster compactness and
separation [10]. Additionally, PCA is used to visualize clusters in 2D space. PCA visualization does
not replace numerical validation, but it helps show whether the reduced clusters are separated or
overlapping. The main contribution of this work is to develop a holistic framework for clustering-
based health insurance risk segmentation. This work focuses on discovering naturally existing risk
clusters in the dataset, rather than just treating insurance pricing as a regression task. The proposed
workflow includes: pre-processing, clustering, internal validation, PCA visualization and cluster
profiling followed by low-, medium- and high-risk group interpretation. It presents a more
analytical and easy-to-understand viewpoint of the trends in insurance risk. This study compares
several clustering approaches to identify a practical grouping structure for the heterogeneous health
insurance dataset.

2. Related work

Recent studies show that artificial intelligence is becoming important in insurance analytics,
particularly for risk assessment, underwriting, pricing, fraud detection, and claims administration.
Bhattacharya et al. [11] surveyed various applications of Al in insurance and discussed that
modern-day insurance is moving towards a more data-driven paradigm but highlighted important
concerns around transparency, regulation, fairness, and real-world applicability. This study is
relevant because health insurance risk grouping requires both computational modeling and a
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readable, interpretable procedure explaining how groups of policyholders are formed. Likewise, du
Preez et al. [12] studied the application of machine learning in healthcare claims analysis and
showed that complicated relationships are readily identifiable from insurance-related healthcare
data if only the data is accurately collected and passed through quality control. These studies
confirm that insurance analytics benefits from machine learning; however, they also suggest that
reliable preprocessing and interpretation are necessary before any model output can be applied in
practice.

Most health insurance studies still focus on supervised prediction. Seyam [13] applied machine
learning models to predict the expenditures of high-cost healthcare consumption using data from
private group health insurers and demonstrated the potential for cost control and resource allocation
via risk classification. Bu et al. [14] used hospital departmental indicators to improve the early
detection of health insurance overspending risk. This is an interesting study because it shows that
health insurance costs are largely driven by many administrative, demographic and other factors.
However, the focus is mostly on prediction that suggests the model is based on a pre-determined
intended target event. In contrast, this study employs unsupervised clustering to position inherent
policyholder groupings without the need for initial class identification. This makes the analysis
more explorative and suitable to uncover hidden low-, medium- and high-risk profiles in the dataset.

Clustering methods have become widespread in insurance analytics because they help group
policyholders with similar characteristics. Jamotton et al. [15] explored some clustering methods for
insurance datasets (as well as datasets relevant to actuarial research) and pointed out that real-life
insurance portfolios are often heterogeneous with both categorical and numerical features. This
relates directly to the health insurance data set, including gender, smoking status, location of living
(urban or rural), pre-existing diseases (yes or no), which job have they in their work life, age, body
mass index (BMI) and blood pressure, yearly income and also the medical cost. Due to the
sensitivity of clustering methods to feature representation, mixed-type insurance data require
meticulous preparation right before performing clustering. This paper uses missing-value
imputation, categorical encoding and numerical normalization as standard preprocessing steps
before using BIRCH, Gaussian Mixture, Agglomerative Average, Agglomerative Complete and
DBSCAN methods.

Recent healthcare research supports the use of clustering to improve risk stratification. Alshrouf
[16] proposed an improvement for hierarchical clustering with BIRCH, focusing on partitioning
medical data, showing that BIRCH is still highly useful in the grouping of health care datasets.
Onojete et al. [17] performed illness clustering based on symptoms and showed that unsupervised
learning can learn meaningful relationships between medical diseases and improve the
understanding of hidden health signatures. Rawat et al. [18] used PCA-based visualization and
internal validation of the cluster structure after various unsupervised learning methodologies on
patient records without any prediction from these clusters. The investigations are supportive of the
methods of this study as population-segmentation and health insurance data can be treated in same
way, which means determined cohorts of individuals are identified on similar characteristics in
terms of their health and cost.

It is important to compare multiple clustering techniques because no single method is best for
every dataset. Kossakov et al. [19] compared clustering methods for healthcare data using the
Silhouette Score, Davies—Bouldin Index and Calinski—Harabasz Score. Abhadiomhen et al. [20]
reviewed health risk assessment with machine learning, where they mentioned the key points
associated with medical data collection, preprocessing, validation and explainability of healthcare
applications related to risk. Chicco et al. [21] discussed clustering quality and showed that metrics
like Silhouette coefficient and Davies—Bouldin index are helpful for validating unsupervised
clustering. These studies support the importance of applying multiple validation criteria in the
present study rather than relying solely on visual inspection.

Clustering for healthcare decision-making is strengthened by interpretable cluster profiling.
Yang et al. [22] presented a clustering-based healthcare system for assessing patient risks and
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trends. Beaney et al. [23] explored clustering in the context of a variety of chronic conditions and
clarify that patient groups can be formed upon disease similarity, care needs or health outcomes.
Zonayed et al. [24] reviewed available machine learning and loT applications used in real-world
healthcare practice, noting that unsupervised learning enables segmentation, clustering, and
anomaly detection within healthcare data. They show that clustering functions not only as a
mathematical grouping tool but also as a conceptual framework for understanding heterogeneous
patient or policyholder characteristics. Despite these advancements, significant gaps remain in the
literature. Most health insurance research focuses on direct cost prediction rather than hidden
policyholder groups. Second, the preprocessing phase is still somewhat neglected in several
clustering studies even though missing values, categorical variables and heterogeneous
measurement scales on features can severely influence clustering results. Third, many studies report
validation scores without closely investigating how the resulting groupings align with true
insurance-risk characteristics. To address these shortcomings, this study executes a holistic
unsupervised workflow via data inspection (quality review), preprocessing, feature preparation,
clustering comparison, PCA-based visualization of the result, internal validity and cluster profiling.
The long-term goal is not only to create clusters but rather to interpret them as meaningful health
insurance risk classes to enable data-driven risk assessment.

3. Data and Methodology
3.1. Data Description

The Health Insurance Cost and Risk Dataset contain 1,338 records and 12 variables covering
demographic, health, lifestyle, socioeconomic, and insurance-cost information [25]. The dataset was
downloaded in CSV format and prepared for unsupervised machine learning. The clustering
variables were age, sex, BMI, number of children, smoking status, region, blood pressure, exercise
frequency, pre-existing conditions, occupational risk, and annual income. The Charges variable was
excluded from cluster construction and was used only after clustering to interpret cost differences
among the resulting risk groups.

Before analysis, the dataset was checked for missing values, variable types and distributions.
Missing values occurred only in a few numerical variables. Because clustering methods require
complete data, median imputation was used to replace missing numerical values. We selected the
median imputation method because it is less sensitive to extreme values than mean imputation,
especially in health and insurance datasets where variables like BMI, income and charges tend to
have highly skewed distributions or extreme values.

The overall methodological approach for health insurance risk grouping is shown in Figure 1.
The process begins with importing the Health Insurance Cost and Risk Dataset, followed by
preprocessing steps such as missing-value treatment, categorical encoding, and feature scaling.
After feature preparation and exploration, five clustering methods were used: BIRCH, Gaussian
Mixture Model, Agglomerative Average, Agglomerative Complete and DBSCAN. Clustering
results were additionally evaluated using Silhouette Score, Davies-Bouldin Index, Calinski—
Harabasz Score and examining cluster sizes. Finally, BIRCH was selected as the final clustering
model, and its clusters were interpreted as low, medium and high-risk insurance profiles.
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Figure 1. Flowchart of the Health Insurance Risk Clustering Framework.

3.2. Data Preprocessing

Data preprocessing was performed before implementing the clustering methods. This stage
consisted of handling missing values, encoding categorical variables and standardizing numerical
features. The preprocessing phase is important because clustering algorithms are sensitive to
distance, and variables recorded on larger scales can dominate the process if they are not
standardized. As an example, yearly income has much larger numerical values than age or BMI, and
therefore the features were scaled before clustering so that no feature would bias the final clusters
based only on their measurement scale.

For missing numerical data, median imputation was used as follows:
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*

{xi i, if x;; is observed
median (X;), if x;; is missing

where x; refers to a numerical value, and (X) represents the median of that feature. This prevents

missing values from affecting cluster formation.
Categorical features (e.g., sex, smoking status, region, exercise frequency, pre-existing conditions
and occupational risk) were transformed into numerical format using one-hot encoding. This
process converts each category to a binary indicator (1 or 0). We can summarize the encoding
process as follows:
_ 1, ifxi]: Cm»
Zijm = {O, otherwise

where z;;,, is the encoded binary value for observation i in category c,,. This allows categorical
data to be used in clustering algorithms.

After encoding, numerical features were normalized using z-score normalization.
Standardization transforms each numerical feature into a distribution with zero mean and unit
variance.

The numerical features were standardized using z-score normalization. Each feature therefore
has a mean of 0 and a standard deviation of one:

Xij — Hj

9j

where z;; is the standardized value, x;; is the original value, y; is the feature mean, and g; is the
feature standard deviation. This step is important because the variables have different scales and
units.

Zij =

3.3. Methodological Framework

The methodology of this study includes five main stages, including a data collection stage,
preprocessing stage, model implementation stage (clustering), validation stage and interpretation of
clusters. After preprocessing, various clustering techniques were applied to the prepared dataset.
The aim was to assess different unsupervised learning approaches and determine the most suitable
clustering framework for segmenting health insurance risk.

The general clustering structure is stated as follows:

C = {Cl' Cz, ey Ck}

where C is the set of clusters, Cy is the k-th cluster. Policyholders with similar characteristics are
assigned to the same cluster. The study used three risk groups: low, medium, and high.

3.4. BIRCH Clustering
BIRCH was used as the main clustering method because of its efficiency in fast and compact
grouping. BIRCH uses a clustering feature tree to represent the data points as concise cluster
statistics. The clustering feature can be written as follows:
CF = (N,LS,SS)
where N is the number of observations in the cluster, LS is the linear sum, and SS is the squared

sum. These values are used to calculate the cluster centroid.
LS
H= N
This is an advantage of BIRCH which effectively summarizes clusters and generates compact

groups. The study used BIRCH to create three clusters, which were finally classified as low-risk,
medium-risk and high risk based on their similarities.

3.5. Gaussian Mixture Model
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The Gaussian Mixture Model is a probabilistic clustering algorithm. Unlike hard clustering
methods, it assumes that the data comes from a mixture of Gaussian distributions. The probability
density function of a GMM is expressed as follows:

K

LOEDIEENCTIINN

k=1

where K is the number of mixture components, m;, is the mixing weight, k, u, represent the
component index and mean vector, respectively, X, is the covariance matrix, and N (x | py, Z) is
the Gaussian distribution. GMM was included because it can model overlapping clusters.

3.6. Agglomerative Clustering

Agglomerative clustering was performed using both average linkage and complete linkage. This
approach starts with each observation in its own cluster and then progressively merges clusters
based on distance. The study expresses the total distance between two clusters like:

D (Cal Cb)

where C, and C, are two different clusters. In average linkage, the distance is the average of all
pairwise distances between observations in the two clusters:

1
Dav (Ca; Cb) =T~ 1~ d(xi,x-)
g |CallCypl /

xi€Cq x;ECH

In complete linkage the distance is given by the maximum distance between any two observations
in each cluster:

Dcomplete (Ca: Cb) = ){I‘é%x d(xi' xj)

X;-ECE;,

Agglomerative clustering was included to compare hierarchical grouping behavior with BIRCH and
the probabilistic Gaussian Mixture Model.
3.7. DBSCAN Clustering
DBSCAN is a density-based clustering algorithm that groups observations in dense regions and can
identify noise points. It uses two parameters: epsilon, the neighborhood radius, and MinPts, the
minimum number of points required to form a dense region. A point x; has its neighborhood
defined as follows:

N.(x;) = {xj € X: d(xi,xj) < 8}
A point is considered a core point if:

IN.(x;)| = MinPts

DBSCAN was included due to its ability to find arbitrary cluster shapes and noise. Within
heterogeneous and high-dimensional insurance data, if dense areas are not clearly defined,
DBSCAN can provide weak separation.

3.8. PCA Visualization

To depict the clustering results in a two-dimensional setting, Principal Component Analysis (PCA)
was used. PCA transforms the original feature space to new orthogonal components that explain the
maximum variance. This transformation may be expressed as:

Z=XWw

where Z is the transformed data, X is the standardized input matrix, and W is the principal-
component weight matrix. PCA was used only for visualization, not as the main clustering input.
3.9. Cluster Validation Metrics
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Since clustering is an unsupervised technique, there is no target class for direct evaluation of
accuracy. Thus, internal validation metrics were used. The Silhouette Score measures how similar
an observation is to its own cluster compared to other clusters:
. b(i) — a(i)
s(i) = - -
max(a(i), b(i))
where a (i) is the average distance from observation i to the observations in the same cluster, and

b(i) is the minimum average distance from observation i to another cluster. A higher score indicates
better separation.

Cluster quality was evaluated using the Davies Bouldin Index. It is defined as follows:

S+,
KZ max

where §; and S; are the within-cluster dlstances for clusters i and j, respectively, while M;; is the
distance between their centroids. A lower Davies-Bouldin Index indicates better clustering.
Calinski-Harabasz Score was also used as an internal validation metric:

_ Tr(By) o n—k
S Tr(W,) T k-1

where Tr(B;) is the between-cluster dispersion, Tr(WW;,) is the within-cluster dispersion, and n is
the number of observations. The symbol k represents the number of clusters. A higher Calinski-
Harabasz Score indicates better-defined clusters.

4. Results

The results suggest that the clustering models partitioned health insurance information into
meaningful risk-based categories, and BIRCH developed a practical and understandable model.
Maximum mean values of charges, age, and BMI were observed in the high-risk cluster while the
low-risk cluster showed the lowest values.
Table 1 shows the clustering methods used in this study. While BIRCH, Gaussian Mixture,
Agglomerative Average and Agglomerative Complete were able to find 3 clusters, DBSCAN found
just one dominant cluster and therefore was not considered appropriate for this dataset. The
Agglomerative Average cluster, although yielding the highest Silhouette score, was not as viable
because of an extremely low Calinski-Harabasz score. The final model selected was BIRCH as it
provided three meaningful and interpretable groupings of risk without noise data. BIRCH was
selected using the combined evidence because it achieved the highest Calinski-Harabasz Score,
assigned all observations without noise, and produced more interpretable risk profiles, although
Agglomerative Average performed better on the Silhouette and Davies-Bouldin measures.

Table 1. Clustering Methods Evaluation.

Method Clusters | Noise % | Silhouette | Davies-Bouldin | Calinski-Harabasz
BIRCH 3 0.00 0.0524 3.2789 80.92

Gaussian Mixture 3 0.00 0.0415 3.8071 58.14
Agglomerative Average | 3 0.00 0.0968 1.6442 13.86
Agglomerative Complete | 3 0.00 0.0376 3.5864 60.26

DBSCAN 1 — — — —

The behavioral profiles of all clustering methods involved in the study are presented in Table 2.
BIRCH was the best-performing algorithm as it created three large insurance-risk subtypes. Both
the Gaussian Mixture and Agglomerative techniques also returned three clusters but with a much
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less clear separation. DBSCAN produced one dominant cluster, indicating that the dataset did not
contain clearly density-separated groups.

Table 2. Cluster Profile Summary.

Clustering Cluster Main Profile Pattern Interpretation

Method Structure

BIRCH 3 clusters Low-risk,  medium-risk, | Produced the most practical and
and high-risk groups interpretable risk segmentation

Gaussian Mixture | 3 clusters Overlapping probabilistic | Useful for soft grouping, but cluster
groups separation was weaker than BIRCH

Agglomerative 3 clusters Hierarchical groups with | Showed some separation, but one cluster

Average uneven structure dominated the structure

Agglomerative 3 clusters More separated | Better than average linkage, but still less

Complete hierarchical groups practical than BIRCH

DBSCAN 1 main | Weak density-based | Not suitable because it did not clearly

cluster separation divide the dataset into risk groups

Figure 2 shows the number of clusters that these five methods generate. The algorithms BIRCH,
Gaussian Mixture, Agglomerative Average and Agglomerative Complete returned three clusters
which supported the intended interpretation of low-, medium- and high-risk. In contrast, DBSCAN
created a single cluster meaning it was not able to separate out individual density-separated groups
in this dataset.

4

3

3

2

2

1

1 B
0

BIRCH Gaussian Mixture Agglomerative Agglomerative DBSCAN
Average Complete
M Clusters

Figure 2. Number of Clusters Generated by Each Clustering Method.

The Davies—Bouldin Index values, calculated based on the clustering methods used in the health
insurance risk assessment are depicted in Figure 3. Lower Davies—Bouldin scores indicate better
separation and less overlap between the clusters. Agglomerative Average achieved the lowest value
and therefore the strongest separation according to this metric, while the other methods showed
higher values. DBSCAN is not represented because the Davies-Bouldin Index cannot be calculated
for a single cluster.
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Figure 3. Davies—Bouldin Index Comparison Across Clustering Methods.

The Silhouette Score values for the clustering methods applied on this health insurance data are
shown in figure 4. The Silhouette Score measures how close an observation is to the neighboring
clusters in a nutshell. Higher values indicate better separation between clusters. BIRCH achieved
good performance with second higher Silhouette Score following Agglomerative Average, then
Gaussian Mixture and followed by Agglomerative Complete. However, all the values are relatively
small meaning that we obtain overlapping cluster structure from not so well separated data. As
DBSCAN produces only a single dominant cluster, the Silhouette Score cannot be calculated. The
low Silhouette Scores indicate substantial overlap and weak separation; therefore, the clusters
should be interpreted as exploratory risk profiles rather than fully separated actuarial classes.

0.1200
0.1000
0.0800
0.0600
0.0400

0.0200

0.0000

BIRCH Gaussian Mixture  Agglomerative Agglomerative DBSCAN
Average Complete

m Silhouette

Figure 4. Silhouette Score Comparison Across Clustering Methods.

Figure 5 compares the Calinski—Harabasz Score for the five clustering methods used to evaluate
insurance risk in health insurance. A larger Calinski—Harabasz Score indicates better separability
between clusters and greater internal interconnectivity. BIRCH scored the highest, followed by
Agglomerative Complete and Gaussian Mixture showing that in terms of this measure BIRCH
resulted in the strongest overall cluster structure. The lowest score was achieved by Agglomerative
Average, while DBSCAN gave no meaningful result since a single dominant cluster formed.
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Figure 5. Calinski—Harabasz Score Comparison Across Clustering Methods.
The PCA-derived visualization from the five clustering methods run on the health insurance dataset
is visualized in Figure 6. Although substantial overlap is visible among the clusters, BIRCH and
Gaussian Mixture have the most discrete multi-cluster distributions among these approaches.
Agglomerative Average assigns most observations to one dominant cluster, indicating poor
separation and Agglomerative Complete provides better visual separation but is still highly
overlapped. DBSCAN creates one dominant cluster, showing that the data do not have a density-
separated structure suitable for this method. The data suggest that BIRCH is the better clustering
method, as it leads to more balanced and interpretable risk groups.
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Figure 6. PCA-Based Comparison of Five Clustering Techniques for Health Insurance Risk Groups.

-1 0 1 2 3
PCA Component 1

3 22

PCA Component 1

Figure 7 shows the comparison of Confusion matrix of the Five Clustering Approaches on the
health insurance dataset The matrices compare the actual risk groups, based on tertiles of insurance-
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charge, with the predicted clusters generated by each of the unsupervised methods. BIRCH more
evenly distributes over the three clusters while Gaussian Mixture defines part of the high-risk group
but also has specific overlaps between the medium- and low-risk groups. Agglomerative Average
and DBSCAN tend to assign observations to only one large, prevailing cluster, indicating
inadequate identification of the risk-group. Agglomerative Complete provides more range than
Agglomerative Average but still has a significant amount of overlap. Charges were not used to
construct the clusters and were used only for external interpretation. Therefore, these matrices are
descriptive comparisons rather than supervised confusion matrices.
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Figure 7. Confusion Matrix Comparison for Health Insurance Clustering Methods.

4. Study Limitations

The study used one public dataset containing 1,338 records, which limits generalizability. The
low Silhouette Scores show that the clusters overlap, and the results may vary with different
preprocessing choices or model parameters. Independent or longitudinal datasets are required for
further validation.

5. Conclusion

This study proposed an unsupervised machine learning approach for clustering health insurance
cost and risk data. The dataset was processed through several steps including data exploration,
handling missing values, encoding categorical variables and feature scaling. These steps allowed the
numerical and categorical variables to be used in the clustering analysis.

Various clustering methods were implemented and analyzed including BIRCH, Gaussian
Mixture Model, Agglomerative Average, Agglomerative Complete, DBSCAN. The results
indicated that BIRCH determined the best clustering structure that was most logical and
interpretable on this dataset, as it naturally divided policyholders into three meaningful risk
categories for the purpose of providing low, medium, and high-risk individuals. The final clusters
were mainly distinguished by insurance charges, age, BMI, and other health-related characteristics.
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The mean insurance charges were highest for the high-risk group, who had the highest average
age and BMI suggesting that these two factors are significant contributors to risk of incurring high
insurance costs. Conversely, the low-risk group had significantly reduced charges and more
favorable profile characteristics. We found that annual income differed across clusters, but was not
the core determinant of the risk level.

The results support the conclusion that clustering techniques can be beneficial to the pattern
identification in health insurance data. The suggested framework is capable of assisting with
insurance risk segmentation, profiling of the policyholders and analysis of healthcare cost analysis.
The study can be improved in the future by using larger cohorts, including more clinical variables,
applying advanced clustering optimization methods, and comparing unsupervised findings to
supervised prediction models for stronger validation.
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