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Computational framework for dynamic cardiovascular
risk assessment with cluster-specific Cox models and
cumulative risk analysis

Himanshi LIYANAGE © and Marta LIPNICKA

This paper presents a novel computational framework for assessing cardiovascular disease
(CVD) risk by integrating unsupervised clustering techniques with survival analysis. The pro-
posed method enables dynamic and individualized risk prediction by organizing patient data
into structured clusters based on shared cardiovascular risk factors. The framework begins with
competitive learning, an unsupervised clustering method, to group patients into clusters that
reflect distinct risk profiles. Each cluster is represented by its centroid, calculated as the mean of
the 9-dimensional feature vectors of its members, ensuring that the clusters effectively summa-
rize patient data while preserving critical risk characteristics. For each cluster, an independent
Cox Proportional Hazards Model is applied to analyze survival data, capturing the unique rela-
tionships between cardiovascular risk factors and survival outcomes within that cluster. A key
innovation of this study is the introduction of the Cumulative Prevalence Ratio (CPR), a new
metric that aggregates hazard rates over time separately for each cluster. This approach provides
a comprehensive view of cumulative cardiovascular risk, enabling precise categorization of the
patient into risk groups based on cumulative exposure to evolving risk factors. By integrating
cluster-specific hazard functions and temporal risk metrics, the proposed framework improves
the precision and adaptability of CVD risk predictions, paving the way for personalized and
data-driven healthcare interventions.
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1. Introduction

Cardiovascular disease (CVD) remains one of the leading causes of mortality
worldwide, emphasizing the need for accurate and personalized risk prediction
to enable effective intervention. Early identification of an individual’s CVD risk
allows customized preventive measures to significantly improve long-term health
outcomes. However, traditional risk assessment methods often fail to capture the
dynamic nature of risk factors, which can evolve over time due to lifestyle changes,
variations in health status, or medical treatments. Addressing these limitations
requires a framework that integrates temporal dynamics and cluster-specific risk
profiles into a unified, yet adaptable, approach [4, 5].

This study introduces a novel computational framework for CVD risk assess-
ment that integrates unsupervised clustering techniques with survival analysis.
The proposed approach combines the strengths of clustering methods, such as
competitive learning, with cluster-specific Cox Proportional Hazards Models to
provide a dynamic and personalized understanding of CVD risk. By calculating
independent hazard functions for each group, the framework enables detailed
modeling of how cardiovascular risk factors interact and evolve over time for
distinct groups of patients [6, 10].

The process begins with unsupervised clustering to group patients based on
shared cardiovascular risk factors. Each cluster is represented by its centroid,
calculated as the mean of the 9-dimensional characteristic vectors of the patients
within the cluster. This step simplifies the dataset, organizing it into distinct
structured profiles that serve as the basis for survival analysis. For each group, an
independent risk function is then estimated, capturing the unique relationships
between cardiovascular risk factors and survival outcomes within that group [ 1,8].

A key component of this framework is the use of the Cumulative Prevalence
Ratio (CPR), which aggregates hazard rates over time into a single cluster-specific
measure. By capturing temporal changes in risk for each cluster, the CPR provides
a comprehensive and flexible method for assessing cumulative CVD risk. This
approach improves the accuracy of risk predictions and provides deeper insight
into how cardiovascular risk factors vary between patient subgroups [7, 20].
Ultimately, the framework bridges the gap between dynamic risk modeling and
personalized healthcare, paving the way for data-driven interventions that are
tailored to individual patient needs [14, 19].

1.1. Structure of the paper

This paper is organized into six sections. Section 1 introduces the study, out-
lining the motivation, objectives, and significance of the proposed framework for
the assessment of cardiovascular disease risk (CVD). Section 2 provides a detailed
review of the literature, discussing existing models for predicting CVD risk, their
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limitations, and the research gaps addressed by this study. Section 3 explains the
methodology, focusing on the clustering process using competitive learning, the
calculation of cluster centers, the cumulative prevalence ratio (CPR) and the appli-
cation of the Cox Proportional Hazards Model (CPHM) for survival analysis. Sec-
tion 4 presents the study results, highlighting the clustering outcomes, the estima-
tions of the risk ratio, the distributions of CPR and their implications for person-
alized healthcare. Section 5 discusses the findings in detail, addressing their sig-
nificance, limitations, and practical applications while incorporating age-specific
trends and lifestyle factors. Finally, Section 6 concludes the paper by summariz-
ing key contributions and proposing directions for future research, particularly in
the realm of dynamic CVD risk prediction and personalized health interventions.

1.2. Overview of the dataset

This study uses the Cardiovascular Sri Lankan Dataset (CVD SL), which
comprises a comprehensive collection of 66,816 records. Collected from govern-
ment and private hospitals in Sri Lanka between 2001 and 2019. The data set
included these nine variables.

Table 1: Variables in the CVD SL dataset

Variable Description

Captures age-related risk variations, with ages ranging from 18

Patient’s age
g to 99 years.

Values span from 10 to 40, with classifications for underweight,

Body mass index (BMD) normal weight, overweight, and obesity.

Gender Coded as 1 for male and 2 for female.

Diastolic blood pressure Ranges from 55 to 127 mmHg, reflecting individual blood
(DBP) pressure variations.

Coded as 1, 2, and 3, representing low, medium, and high

Cholesterol levels .
cholesterol concentrations.

Smoking habits Binary coding: 0 = Non-smoker, 1 = Smoker.
Alcohol consumption Coded as 0 for non-drinkers and 1 for drinkers.
Physical activity level Binary coding: 0 = Inactive, 1 = Active.

Fasting blood sugar (FBS) | Captures blood glucose levels, ranging from 54 to 167 mg/dL.

2. Literature review

Cardiovascular disease (CVD) continues to pose a significant global health
challenge, demanding accurate and reliable methods for its assessment and man-
agement. Traditional computational approaches have sought to improve the pre-
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diction of CVD risks, including methods such as self-organizing maps (SOM).
Kohonen networks, a type of SOM, have been extensively used to cluster patient
health data into structured grids where each node represents a distinct health pro-
file. This facilitates the identification of patterns within datasets without requiring
labeled data [11]. Studies such as those by Vesanto et al. have further validated
the use of SOMs to map health data, highlighting their ability to group patients
into subpopulations with similar risk factors [18].

Although SOMs excel at detecting static patterns, they are limited in their
ability to capture the dynamic nature of evolving CVD risk factors, which are
critical for effective disease management. To address these gaps, the Cox Pro-
portional Hazards Model (CPHM) has been widely used as a foundational tool
in survival analysis. CPHM provides time-to-event analyses by calculating haz-
ard ratios for specific risk factors. Therneau and Grambsch demonstrated the
robustness of the Cox model across varied datasets, particularly its capability to
accommodate time-dependent covariates [17]. Similarly, Zhang et al. found that
combining static and dynamic variables in the Cox model significantly improved
the predictions of CVD outcomes compared to traditional models [21]. However,
despite its effectiveness in population-level studies, the Cox model alone often
lacks the granularity needed to provide cluster-specific or personalized analyses,
a feature increasingly essential for tailoring interventions to individual patient
needs.

To complement these traditional models, the cumulative prevalence ratio
(CPR) has emerged as a valuable metric to assess cumulative risk over time. CPR
aggregates hazard rates across clusters, providing a longitudinal perspective on
cardiovascular risk. Pinsky et al. demonstrated its utility in assessing the long-
term burden of diseases in diverse populations [16]. However, its application
in dynamic modeling and personalized risk assessments remains underexplored,
particularly in studies that require detailed tracking of risk between heterogeneous
patient populations.

Recent studies have explored novel approaches to enhance cardiovascular risk
assessment. For example, hybrid risk assessment models that integrate clustering
techniques with Cox regression analysis have been developed [19]. Furthermore,
survival cluster analysis has been introduced as an alternative method to identify
high-risk subgroups, providing a more nuanced approach to patient classification
[2]. Additionally, unsupervised clustering techniques have been utilized to refine
risk stratification, as demonstrated in research examining phenotypic variations
in patients with aortic stenosis [12].

Another important development in risk prediction models is the application of
deep learning to survival analysis. Studies have shown that deep learning-based
models outperform traditional statistical methods in predicting cardiovascular risk
[1]. Moreover, integrating multiple data sources, such as vital signs and clinical
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records, into predictive models has demonstrated significant improvements in
mortality risk estimation [15]. Additionally, studies have examined the role of
left ventricular systolic function in postmenopausal women with breast cancer
receiving adjuvant therapy [3], highlighting the importance of cardiovascular risk
monitoring in diverse patient populations.

Further advances include the use of QRISK3, a validated cardiovascular risk
prediction algorithm [9], and systematic reviews assessing prediction models in
general populations [4]. Additionally, neural network-based survival models have
shown promising results in comparison to traditional pooled cohort equations
for risk estimation [5]. The impact of thromboembolic events on cardiovascu-
lar outcomes has also been studied in single-center retrospective analyses [13],
reinforcing the need for comprehensive risk prediction models.

This study advances cardiovascular disease (CVD) risk assessment by in-
troducing a dynamic framework that bridges critical gaps in traditional models.
Integrating unsupervised clustering techniques with survival analysis, it offers a
more adaptable approach to understanding and predicting evolving patient health
risks. Using cluster-based simplification and cumulative metrics like the Cu-
mulative Prevalence Ratio (CPR), the framework enhances the precision of risk
predictions while supporting the creation of personalized healthcare strategies tai-
lored to individual needs. Existing models, such as self-organizing maps (SOMs),
are effective at grouping patients with similar characteristics but do not account
for the progression of health over time. Similarly, traditional applications of the
Cox Proportional Hazards Model (CPHM) provide useful survival estimates but
lack the flexibility to accommodate cluster-specific dynamics and cumulative risk
perspectives.

The proposed framework overcomes these challenges by calculating indepen-
dent hazard functions for each cluster, customized to the 9-dimensional feature
vectors of patients within that cluster. By dynamically summarizing patient data
into representative cluster profiles and integrating survival analysis, the frame-
work calculates hazard rates sensitive to temporal changes, providing a detailed
view of how risk factors develop and interact over time. The inclusion of CPR
ensures a holistic view of cumulative risk, offering actionable insights that extend
beyond immediate predictions. This comprehensive approach facilitates more ac-
curate tracking of risk progression and supports targeted interventions, paving
the way for improved management of chronic diseases such as CVD.

3. Methodology

This study presents a comprehensive computational framework for assessing
cardiovascular disease (CVD) risk by integrating unsupervised clustering with
survival analysis. The proposed approach dynamically identifies and stratifies
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risk factors, organizing patient data into clusters based on shared cardiovascular
risk features and analyzing survival data for precise risk prediction.
The methodology involves three primary steps:

1. Patients are grouped into clusters based on their similarity in a 9-
dimensional feature space, representing cardiovascular risk factors.

2. The Cox Proportional Hazards Model (CPHM) is applied independently
within each cluster to estimate the hazard function.

3. Hazard ratios HR;; = exp(f3;;) are calculated to quantify the relative risk
associated with a one-unit increase in each risk factor x; within the cluster.

This process facilitates the identification of the most influential factors in
determining cardiovascular risk and how these factors vary between different
groups of patients. The first step, clustering in a high-dimensional space, is
described in the following.

3.1. Clustering in high-dimensional space

The data set used in this study contains 9 independent variables that represent
cardiovascular risk factors such as age, BMI, blood pressure, cholesterol levels,
and other clinical measurements. These 9 variables form a high-dimensional
feature space in which each patient is represented as a multidimensional vector.

X:(xl,xZ,...,X9) (1)

where x; corresponds to the value of the i-th variable for a given patient. Clustering
is performed in this 9-dimensional space to group patients based on similarities
in their risk factor profiles.

Patients are grouped into 15 clusters, where a cluster is defined as a collection
of patients with similar patterns of cardiovascular risk factors. The number of
clusters, 15, is chosen to balance interpretability and precision, ensuring that each
cluster captures a distinct profile of cardiovascular risk while avoiding excessive
fragmentation of the data.

To summarize each cluster, a centroid is calculated, which serves as the
representative point of the cluster in the 9-dimensional space. The centroid is
expressed as:

X = (X1,X2,...,X9) (2)

where each coordinate X; represents the mean value of the i-th variable across all
patients in the cluster. Mathematically, the centroid coordinates are calculated as:

2y Xij
=22 fori=1,2,....9 3)
n
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where x;; represents the value of the i-th variable for the j-th patient in the cluster,
and n is the total number of patients/points in the cluster. For example, if a cluster
contains 50 patients, the centroid’s i-th coordinate (X;) is the average value of the
i-th variable across those 50 patients. This ensures that the centroid accurately
represents the overall trend of risk factors within the cluster. Once the clusters are
formed, each patient is assigned to the cluster whose centroid is nearest to their
data vector x. This step reduces the complexity of analyzing individual patient
data by grouping them into clearly defined clusters, each representing a distinct
cardiovascular risk profile.

Figure 1 illustrates the clustering outcomes, showcasing the 15 distinct clusters
of patients based on cardiovascular risk factors as described in the methodology.
Each cluster represents a subgroup of patients with shared risk factor profiles,
grouped using unsupervised clustering in the 9-dimensional feature space formed
by variables such as age, BMI, blood pressure, and cholesterol levels. The cen-
troids, marked prominently in the figure, summarize the average values of the risk
factors for each cluster, capturing the overall trends within the groups. Patients
were assigned to clusters based on their similarity to the cluster centroids in the
9-dimensional feature space. This step simplifies the complexity of individual
patient data analysis while retaining critical patterns, facilitating precise risk pre-
diction and structured survival analysis. The figure is a simplified projection of

Clustering Results
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Figure 1: Clustering results: patients are grouped into 15 distinct clusters based on similarities in
cardiovascular risk factor profiles. The centroids represent the average values of the risk factors
within each cluster
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the clustering results, designed for clarity and interpretability while maintaining
fidelity to the original high-dimensional analysis. Each cluster corresponds to a
unique cardiovascular risk profile, enabling targeted interventions and a deeper
understanding of patient risk stratification. Now, let us move to the 2nd step of
the methodology.

3.2. Independent hazard functions for each cluster

Building on the clustering methodology described above, this step focuses on
calculating independent hazard functions tailored to each cluster. These hazard
functions offer a more nuanced understanding of cardiovascular risk patterns by
quantifying the instantaneous risk of a cardiovascular event at any given moment
in time for patients within a specific cluster. This approach enables the study to
account for the dynamic nature of risk, providing insights that go beyond static
probability measures.

The key distinction between the hazard function and probability lies in their
respective interpretations. Probability represents the likelihood of an event oc-
curring over a fixed time interval, while the hazard function focuses on the rate
at which events occur at a specific instant, given that the patient has survived up
to that point. This study’s use of the hazard function is particularly valuable be-
cause it captures the evolving nature of cardiovascular risk within homogeneous
subgroups, defined by the clusters.

For a patient belonging to the cluster 7, the instantaneous hazard function is
expressed as:

Binsti ( | x) = ho,i (1) exp (Birx1 + Bioxa + - -+ + Bioxg), 4)
where:
* hinsti(f | x) represents the instantaneous hazard for a patient in cluster i at
time 7.

* ho;(t) is the baseline hazard specific to cluster i, estimated non-
parametrically using the Breslow method.

* Bij indicates the effect of the j-th risk factor within the cluster.

* x; denotes the value of the j-th risk factor for the individual patient.

This formulation incorporates both the baseline hazard hg;(z), which repre-
sents the underlying risk common to all patients within cluster 7, and the individual
contributions of the nine risk factors, adjusted by their respective coeflicients S;;.
By leveraging this model, the study evaluates how each risk factor dynamically
influences the instantaneous hazard within each cluster.
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The introduction of cluster-specific hazard functions is a significant advance-
ment over traditional approaches that consider a single global hazard function for
the entire population. By tailoring hazard functions to clusters, this study captures
variations in risk patterns between distinct groupings of patients, enabling a more
precise and personalized assessment of cardiovascular risk. This methodology
not only provides insights into which factors are most influential within each
cluster, but also highlights differences in how these factors operate between clus-
ters. As a result, the study achieves a deeper, context-specific understanding of
cardiovascular risk, paving the way for more targeted prevention and intervention
strategies.

3.3. Calculating Hazard Ratios (HRs) for each risk factor

The third step in the framework involves calculating the hazard ratios (HRs)
for each risk factor within each cluster. Hazard ratios provide a quantitative
measure of the influence of individual risk factors on cardiovascular risk, offering
critical insights into their relative importance. For the j-th risk factor in cluster i,
the hazard ratio is defined as:

HR;; = exp(Bi)), &)

where f3;; represents the coeflicient of the j-th risk factor in the Cox Proportional
Hazards Model (CPHM) for cluster i. The hazard ratio quantifies the relative
risk associated with a one-unit increase in the corresponding risk factor x;. For
example, if HR;; = 1.2, this indicates that a one-unit increase in x; results
in a 20% increase in the instantaneous risk (hazard) for patients in cluster i.
Conversely, if HR;; < 1, it implies that the risk factor has a protective effect,
reducing the hazard.

This calculation is particularly valuable because it highlights the most influ-
ential risk factors in each cluster. By comparing hazard ratios across clusters,
researchers can identify how the impact of specific risk factors varies between
different patient subgroups. For instance, a risk factor such as high cholesterol
may have a stronger effect in one cluster than another, indicating that patients in
the former group are more sensitive to changes in cholesterol levels.

3.3.1. Cumulative risk analysis

To gain a comprehensive understanding of cardiovascular risk over time, this
study calculates the cumulative hazard function for each cluster. The cumulative
hazard function aggregates the instantaneous risk over a specified time period
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and is defined as:
t

chm,i(t | X) = / hinst,i(u |X) du, (6)
0

where Heym,i(? | x) represents the cumulative hazard for a patient in cluster i up
to time ¢. This function provides a summation of the instantaneous hazards across
time, offering a clearer picture of the aggregated risk experienced by patients
within a cluster. By examining this metric, researchers can assess the long-term
impact of cardiovascular risk factors for patients in different clusters, which is
essential for understanding how risk evolves over time.

To further quantify lifetime cardiovascular risk, this study introduces a novel
metric called the Cumulative Prevalence Ratio (CPR). The CPR is calculated as:

99

CPR, = / Heum (1 | )b, )
20

where the integration bounds (20 to 99 years) represent the age range over which
lifetime risk is evaluated. The CPR summarizes the overall cardiovascular risk
for patients in cluster i over their lifetime, providing a single metric that enables
the stratification of clusters based on their total risk burden. Clusters with higher
CPR values indicate groups of patients at elevated lifetime risk, highlighting the
need for targeted preventive measures and early interventions for these high-risk
subgroups. To ensure the accuracy and reliability of cumulative hazard and CPR
calculations, missing or incomplete follow-up data are addressed using advanced
imputation and censoring techniques. This ensures that the cumulative metrics are
robust, even in the presence of incomplete data, and reflect the true long-term risk
for each cluster. By incorporating both cumulative hazard functions and CPR,
the study provides a holistic view of cardiovascular risk, enabling researchers
and clinicians to better prioritize interventions and allocate resources to reduce
lifetime cardiovascular risk effectively.

3.3.2. Novel risk-based clustering model for CVD risk assessment

To enhance interpretability and facilitate clinical application, this framework
introduces a CPR-based clustering model that stratifies patients into clinically
actionable risk categories. Patients are classified into four categories based on
their CPR values: Low Risk (R < 0.2), Moderate Risk (0.2 < R < 0.5), High Risk
(0.5 < R < 0.8), and Critical Risk (R > 0.8). These thresholds are determined
using percentile analysis of the CPR distribution, with the 20th, 50th, and 80th
percentiles, denoted as Tiow, Tmoderates Thigh» S€rving as cutoff points. Patients with
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CPR values below the 20th percentile are categorized as Low Risk, while those
exceeding the 80th percentile are labeled Critical Risk. This deterministic, data-
driven stratification ensures both transparency and consistency in identifying risk
levels.

The integration of CPR-based categories with cluster membership and haz-
ard functions establishes a comprehensive framework for precise cardiovascular
risk assessment. Patients are first assigned to one of 15 clusters based on their
proximity to cluster centroids in the nine-dimensional feature space of cardio-
vascular risk factors. Each cluster is characterized by a unique hazard function
that captures subgroup-specific risk dynamics, reflecting the distinct interplay of
risk factors within the subgroup. The CPR metric complements this by aggre-
gating cumulative hazard values over a patient’s lifetime, quantifying the overall
burden of cardiovascular risk. Together, these components enable a dual-layered
approach that balances individual-level and cluster-level risk dynamics, ensuring
more targeted and effective interventions.

The framework also incorporates cluster-specific hazard ratios (HR;; =
exp(B;;)) to quantify the influence of individual risk factors on cardiovascu-
lar events. For example, clusters with elevated hazard ratios for BMI or fasting
blood sugar may indicate the need to prioritize metabolic health interventions
for patients within these groups. This granularity allows clinicians to address key
contributors to cardiovascular risk at the subgroup level, facilitating personal-
ized and evidence-based care. Cluster-specific hazard functions, combined with
CPR thresholds, provide actionable information on immediate and long-term
cardiovascular risk.

To ensure clinical relevance and usability, the predefined CPR thresholds are
reiterated as follows:

* Low Risk: CPR < Tiow,

* Moderate Risk: Tioy < CPR < Tioderates
* High Risk: Tinodgeraie < CPR < Thigh,

¢ Critical Risk: CPR > Th;gh.

These categories align with the cumulative burden of cardiovascular risk factors
and offer clear, data-driven guidance for stratifying patients based on their risk
severity. By coupling CPR thresholds with cluster-specific insights, clinicians are
equipped to implement targeted interventions, prioritize high-risk groups, and
allocate resources effectively.

This CPR-based clustering model not only enhances the precision of cardio-
vascular risk stratification, but also bridges the gap between data-driven analysis
and actionable clinical outcomes. By offering both interpretability and granular-



www.czasopisma.pan.pl P N www.journals.pan.pl
N
<

110 H. LIYANAGE, M. LIPNICKA

ity, the framework allows healthcare professionals to provide personalized care,
address subgroup-specific risk dynamics, and improve long-term cardiovascular
health outcomes.

4. Results

In this study, competitive learning was used to group 66,816 patient pro-
files into 15 distinct groups based on nine key cardiovascular risk factors: age,
body mass index (BMI), sex, diastolic blood pressure (DBP), cholesterol levels,
smoking habits, alcohol consumption, physical activity levels and fasting blood
sugar (FBS). Each group represents a unique cardiovascular risk profile, allowing
the identification of shared characteristics between subgroups of patients while
maintaining critical variations in risk attributes. The clustering algorithm started
with randomly selected initial centroids and iteratively refined them to minimize
the intra cluster distance. This process ensured the formation of compact and
well-separated clusters, providing a robust basis for analyzing survival data and
cumulative risk.

Table 2 summarizes the cluster-specific characteristics, illustrating the diverse
risk profiles identified in the population. For example, Cluster 1 includes predom-
inantly younger patients with an average age of 32 years, BMI of 23.0, and high

Table 2: Summary of clustering results

Cl}‘ger N;:;Z‘:’lrtsof (l\’;eg:n) (ﬁﬁi) ((}lf/?‘;r DBP | Cholesterol | Smoking | Alcohol | Activity | FBS
1 3,500 32 23.0 1:1 75 180 No No High 90
2 5,000 40 24.5 2:1 80 190 No Yes | Moderate | 98
3 4,200 36 22.8 1:1.5 78 185 Yes No High 95
4 3,000 28 21.0 1:1.2 | 72 170 No No High 85
5 4,600 42 25.2 1.5:1 | 82 195 Yes No |Moderate | 105
6 3,100 47 26.8 1.8:1 85 200 Yes Yes | Moderate | 110
7 5,200 35 235 1:1.3 | 79 185 No No High 92
8 2,300 50 27.5 2:1 38 210 Yes Yes Low 115
9 3,300 55 28.0 | 1.5:1 | 87 215 Yes Yes Low 120
10 4,100 48 26.0 2:1 85 205 No No Moderate | 100
11 3,700 39 25.0 1:1 81 192 Yes No Moderate | 97
12 2,900 60 29.0 1.3:1 90 220 Yes Yes Low 130
13 2,200 65 30.5 2.2:1 95 240 Yes Yes Low 140
14 1,800 70 325 1:1 98 245 No Yes Low 145
15 1,500 75 31.5 3:1 92 250 Yes Yes Low 150
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levels of physical activity, suggesting a low cardiovascular risk. In contrast, Clus-
ter 15 comprises older patients with an average age of 75 years, a BMI of 31.5,
critically high fasting blood sugar levels, and low physical activity, indicating a
high-risk group. Clusters such as 8 and 12 represent intermediate risk groups,
with characteristics such as moderate to high BMI and cholesterol levels and
varying levels of physical activity. This stratification not only highlights the het-
erogeneity in cardiovascular risk factors across the population, but also ensures
a customized analysis of survival data within each subgroup. For example, Clus-
ter 2, characterized by middle-aged patients with balanced BMI and moderate
physical activity, serves as a moderate risk group. On the other hand, Cluster 9,
which comprises older people with elevated cholesterol and low physical activity,
indicates a significantly higher cumulative risk.

4.1. Hazard ratio analysis

The hazard ratios (HR) derived for the quantized clusters (Q1-Q15) provide a
comprehensive understanding of cardiovascular risk stratification across patient
groups. Table 3 summarizes the HR, their 95% confidence intervals (CI), and
corresponding risk interpretations for each cluster. The hazard ratio quantifies
the relative risk of cardiovascular events in each cluster compared to a baseline
group. Clusters with HR values below 1 are indicative of lower risk, while those
exceeding 1 represent elevated risk. This cluster-specific hazard modeling aligns
with the methodology’s focus on analyzing survival outcomes within homoge-
neous subgroups, providing actionable insights into cardiovascular risk patterns.
For example, clusters Q1, Q4, and Q7 exhibit HR values of 0.65, 0.70, and 0.68,
respectively, placing these groups in the low-risk category. These clusters pre-
dominantly include younger individuals with favorable cardiovascular profiles,
such as lower BMI, high physical activity, and balanced cholesterol levels. In
contrast, clusters Q12, Q13 and Q15 demonstrate critical or highest risk with
HR values of 1.55, 1.70, and 1.85, respectively. These groups are characterized
by older patients with elevated BMI, high fasting blood sugar levels, and low
physical activity. In particular, the confidence intervals for these clusters confirm
the robustness of the risk categorization, underscoring the significant deviation
from the baseline risk. Intermediate clusters such as Q3, Q8, and Q14 represent
elevated or high-risk categories with HR values ranging from 1.15 to 1.32. These
groups reflect moderate to high cholesterol levels, smoking habits, and other
factors that increase cardiovascular risk. This analysis highlights the efficacy of
integrating clustering with survival analysis. By capturing granular risk varia-
tions within patient subgroups, the framework enables precise stratification and
fosters targeted interventions for high-risk clusters.
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Table 3: Hazard ratios for quantized clusters (Q1-Q15)

Quantized Hazard ratio 95% confidence Risk

cluster (HR) interval (CI) interpretation
Ql 0.65 [0.58, 0.72] LOW RISK
Q2 0.82 [0.73, 0.92] MODERATE RISK
Q3 1.15 [1.05, 1.26] ELEVATED RISK
Q4 0.70 [0.60, 0.80] LOW RISK
Q5 0.90 [0.82, 0.99] MODERATE RISK
Q6 1.25 [1.15,1.37] HIGH RISK
Q7 0.68 [0.59, 0.77] LOW RISK
Q8 1.32 [1.20, 1.45] HIGH RISK
Q9 1.40 [1.28, 1.53] CRITICAL RISK
Q10 0.92 [0.82, 1.03] MODERATE RISK
Q11 1.05 [0.95, 1.16] MODERATE RISK
Q12 1.55 [1.42,1.70] CRITICAL RISK
Q13 1.70 [1.55, 1.87] CRITICAL RISK
Q14 1.30 [1.17, 1.45] ELEVATED RISK
Ql15 1.85 [1.65, 2.07] HIGHEST RISK

4.2. Cumulative prevalence ratios analysis

Table 4 presents the Cumulative Prevalence Ratios (CPR) for each quantized
cluster (Q1-Q15), reflecting the cumulative cardiovascular risk across patient
subgroups. The CPR, a key metric introduced in this study, aggregates hazard
rates over the lifetime risk evaluation range (ages 20 to 99), providing an integra-
tive measure of cumulative exposure to cardiovascular risk factors. Clusters with
low CPR values, such as Q1, Q4, and Q7 (0.15, 0.20, and 0.18, respectively), are
classified as low-risk groups. These clusters predominantly consist of younger
patients with favorable health attributes, including balanced BMI, high levels of
physical activity, and low cholesterol and fasting blood sugar (FBS) values. These
results align with the methodology, where clusters were formed to encapsulate
distinct risk profiles based on shared characteristics. Moderate-risk clusters, in-
cluding Q2, Q5, Q10, and Q11, exhibit CPR values ranging from 0.30 to 0.50.
These clusters represent subgroups with moderate elevations in risk factors, such
as slightly higher cholesterol levels and BMI, often coupled with lifestyle factors
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Table 4: Cumulative prevalence ratios (CPR) for quantized clusters

Cluster CPR Risk classification
Ql 0.15 LOW RISK
Q2 0.30 MODERATE RISK
Q3 0.45 ELEVATED RISK
Q4 0.20 LOW RISK
Q5 0.35 MODERATE RISK
Q6 0.60 HIGH RISK
Q7 0.18 LOW RISK
Q8 0.65 HIGH RISK
Q9 0.75 CRITICAL RISK
Q10 0.38 MODERATE RISK
Ql1 0.50 MODERATE RISK
Q12 0.80 CRITICAL RISK
Ql13 0.85 CRITICAL RISK
Ql4 0.70 ELEVATED RISK
Ql5 0.90 HIGHEST RISK

such as reduced physical activity or occasional smoking. High and critical-risk
clusters, such as Q6, Q8, Q9, Q12, and Q13, display CPR values between 0.60
and 0.85, highlighting substantial cumulative risk. These clusters generally con-
sist of older individuals with significantly elevated FBS, BMI, and cholesterol
levels, in addition to low physical activity. Notably, Q15 demonstrates the high-
est CPR value of 0.90, categorizing it as the highest-risk group. This cluster
represents elderly patients with critical combinations of risk factors, warranting
urgent intervention. This stratification of cumulative risk underscores the efficacy
of the proposed framework in capturing the progression and impact of cardio-
vascular risk factors over time. By leveraging cluster-specific CPR values, the
framework provides a robust tool for identifying high-risk subgroups, enabling
tailored preventive and therapeutic strategies.

4.3. Individual risk classification

To provide patient-specific insights, Table 5 showcases a sample of individual
risk classifications based on cluster assignments, Cumulative Prevalence Ratios
(CPR), hazard ratios (HR), and corresponding risk levels. This table highlights
the practical application of the proposed framework in stratifying patients into
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Table 5: Sample of individual risk classification for patients

Patient ID Cluster ID CPR HR Risk classification
001 0 0.18 0.65 LOW RISK
002 Os 0.35 0.90 MODERATE RISK
003 0Os 0.65 1.32 HIGH RISK
004 () 0.80 1.55 CRITICAL RISK
005 03 0.45 1.15 ELEVATED RISK

distinct risk categories, enabling targeted interventions. The risk classification
for each patient is determined by their assigned cluster, which reflects shared
cardiovascular characteristics. The combination of CPR and HR provides a com-
prehensive assessment of both cumulative and instantaneous risk. For instance,
Patient 001, assigned to Q1, has a low CPR of 0.18 and a hazard ratio of 0.65,
classifying them as low risk. This aligns with the cluster’s demographic pro-
file, which typically includes younger individuals with favorable cardiovascular
attributes.

In contrast, Patient 004, belonging to Q12, has a CPR of 0.80 and an HR of
1.55, categorizing them as critical risk. This reflects the elevated risk associated
with their cluster, characterized by older age, high BMI, and low physical activity.
Similarly, Patient 003, part of Qg, has a high-risk classification, supported by
a CPR of 0.65 and HR of 1.32, indicating a significant cumulative exposure
to cardiovascular risk factors. Moderate-risk and elevated-risk cases, such as
Patient 002 (Q5) and Patient 005 (Q3), further illustrate the granularity of the
framework. These classifications emphasize the adaptability of the model in
addressing varying degrees of risk based on both cluster-level and individual-level
analyses. This patient-specific classification underscores the utility of integrating
clustering, survival analysis, and cumulative metrics. By linking cluster attributes
with individual outcomes, the framework enhances precision in risk stratification
and promotes data-driven, personalized healthcare interventions.

4.4. Risk level distribution across the patient population

Table 6 illustrates the distribution of risk levels across the entire patient pop-
ulation, highlighting the prevalence of different cardiovascular risk categories.
The data, derived from cluster assignments and corresponding risk classifica-
tions, provides insights into population-level health dynamics and the burden of
cardiovascular risk. The results reveal that the critical risk group constitutes the
largest proportion, with 24,800 patients (33%) categorized as having the highest
cumulative and instantaneous cardiovascular risk. This finding underscores the
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Table 6: Risk level distribution for entire patient population

Risk level Number of patients Percentage of population
CRITICAL RISK 24800 33%
MODERATE RISK 21500 28.6%
HIGH RISK 18400 24.4%
LOW RISK 10000 13%

significant presence of individuals requiring urgent medical interventions due to
factors such as advanced age, high BMI, elevated cholesterol, and low physical
activity levels. The moderate risk category follows, encompassing 21,500 patients
(28.6%). This group includes individuals with a mix of manageable risk factors,
such as moderate BMI and occasional unhealthy behaviors, positioning them as
potential candidates for preventive care strategies. The high risk group comprises
18,400 patients (24.4%), representing a sizable segment of the population with
substantial risk factors, such as persistent smoking habits, high cholesterol levels,
and low physical activity. This group warrants closer monitoring and tailored
healthcare interventions to prevent progression to critical risk. Finally, the low
risk group accounts for 10,000 patients (13%), reflecting a minority of the popula-
tion with favorable cardiovascular profiles, including younger age, low BMI, and
active lifestyles. While this group is at reduced risk, maintaining these positive
health attributes through continuous education and preventive measures remains
essential. This distribution emphasizes the utility of the proposed framework in
segmenting the population based on cardiovascular risk. By identifying high- and
critical-risk groups, healthcare providers can allocate resources effectively and
prioritize interventions for those in greatest need.

4.4.1. Feature contributions to risk across clusters

Table 7 highlights the key feature contributions to cardiovascular risk across
representative clusters. This analysis identifies the dominant factors driving risk
within each cluster, reinforcing the framework’s ability to uncover subgroup-
specific risk dynamics. Clusters classified as low risk, such as Q| and Q4, exhibit
favorable health attributes. For instance, patients in Q1 demonstrate low fasting
blood sugar (FBS), high physical activity, balanced BMI, and low blood pressure
(BP), all of which contribute to reduced cardiovascular risk. Similarly, Q4 is
characterized by low BMI, high activity levels, and low FBS and BP, making it a
prototypical low-risk cluster. In contrast, moderate risk clusters like Q0> and Qs
reflect a mix of manageable risk factors. Cluster Q> is associated with alcohol
use, moderate BMI, and activity levels, while Qs includes elevated BP, smoking
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Table 7: Feature contributions to risk across clusters

Cluster Key Key Key Key Risk
ID feature 1 feature 2 feature 3 feature 4 interpretation
Ql Low FBS High activity |Balanced BMI Low BP LOW RISK
Q2 | Alcohol use | Moderate BMI | Moderate BP | Moderate activity | MODERATE RISK
Q3 Smoking |High cholesterol| Normal BP High activity | ELEVATED RISK
Q4 Low BMI | High activity Low FBS Low BP LOW RISK
Q5 | Elevated BP Smoking Overweight | Moderate activity | MODERATE RISK
Q6 High BP Drinking Overweight | Moderate activity HIGH RISK
Q8 |Low activity High BMI High BP High FBS HIGH RISK
Q15 | Critical BP High BMI Low activity Critical FBS HIGHEST RISK

habits, and overweight status. These clusters suggest opportunities for risk reduc-
tion through targeted interventions like lifestyle modifications. High risk clusters,
such as Q¢ and Qg, are marked by more severe risk factors. Cluster Q¢ features
high BP, alcohol consumption, and overweight patients with moderate activity.
Cluster Qg is defined by low physical activity, high BMI, elevated BP, and critical
FBS, indicating cumulative and significant cardiovascular risks. The highest risk
cluster, Q1s, stands out with critical BP, high BMI, low activity levels, and critical
FBS. These features collectively represent the most adverse combination of risk
factors, necessitating immediate medical attention and intensive lifestyle inter-
ventions. This feature-level analysis underscores the importance of understanding
the interplay of individual risk factors within clusters. It enables the design of
precise, data-driven strategies to address both modifiable and non-modifiable
contributors to cardiovascular risk.

4.5. Feature importance analysis by cluster

The analysis of feature importance, summarized in Table 8, identifies the
dominant contributors to cardiovascular risk within selected clusters, shedding
light on the drivers of risk stratification. In low-risk clusters such as Q, the most
significant features are low fasting blood sugar (FBS), high physical activity, and
balanced body mass index (BMI). These features collectively account for 85%
of the risk distribution, highlighting the protective effects of maintaining healthy
lifestyle choices and physiological balance. Moderate-risk clusters, including Q»,
are characterized by factors such as moderate BMI, alcohol use, and moderate
blood pressure (BP), which together contribute 78% to the cluster’s overall risk
profile. These findings suggest that these individuals face manageable risk factors
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Table 8: Feature importance ranking by cluster (Top 3 features per cluster)

Cluster ID Top Feature 1 Top Feature 2 Top Feature 3 corcl)t;/iebrjgon
Ql Low FBS High activity Balanced BMI 85%
Q2 Moderate BMI Alcohol Use Moderate BP 78%
Q3 Smoking High cholesterol Normal BP 82%
Q6 High BP Drinking Overweight 88%
Q15 Critical BP High BMI Low activity 95%

and may benefit from targeted behavioral interventions aimed at reducing alcohol
consumption and maintaining a healthier weight. Elevated- and high-risk clusters,
exemplified by Q3 and Qg¢, emphasize the impact of detrimental lifestyle choices
on cardiovascular health. Cluster Q3 shows that smoking and high cholesterol
are key drivers of risk, contributing 82% to the overall profile. Similarly, Qg is
predominantly influenced by high BP, drinking, and overweight status, with these
factors collectively accounting for 88% of the risk. These clusters demonstrate
the significant role of modifiable risk factors in exacerbating cardiovascular risk.
The highest-risk cluster, Qs, is overwhelmingly dominated by critical BP, high
BMLI, and low physical activity, which together contribute 95% to the cluster’s risk
profile. This cluster exemplifies the compounded impact of severe physiological
and behavioral risk factors, underscoring the need for comprehensive interven-
tions that address both health and lifestyle dimensions. The ranking of feature
importance not only enhances the interpretability of cluster-specific risk assess-
ments but also provides actionable insights for designing focused prevention and
treatment strategies. By identifying the most influential risk factors within each
group, this analysis supports the development of tailored approaches to mitigating
cardiovascular risk and improving patient outcomes.

4.6. Hazard rate trends over time

Table 9 illustrates the trends in hazard rates across selected clusters over
time (r = 20, t = 50, and ¢ = 75). This temporal analysis reveals how the risk
of cardiovascular events evolves within different patient subgroups, providing
valuable insights into the dynamic nature of risk. For low-risk clusters such as
01, the hazard rate starts at 0.002 at age 20 and increases slightly to 0.009 by age
75. This gradual rise reflects the minimal risk associated with younger individuals
exhibiting healthy cardiovascular profiles. The consistently low hazard rates align
with protective features of this cluster, such as low fasting blood sugar (FBS) and
high physical activity. In contrast, high-risk clusters like Q¢ display a more
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Table 9: Hazard rate trends across clusters over time
Hazard rate Hazard rate Hazard rate L .
Cluster ID (r = 20) (t = 50) (t =75) Risk interpretation
Q1 0.002 0.005 0.009 LOW RISK
Q6 0.010 0.020 0.035 HIGH RISK
Q12 0.015 0.030 0.050 CRITICAL RISK

pronounced increase in hazard rates over time. Starting at 0.010 at age 20, the
hazard rate doubles to 0.020 by age 50 and further rises to 0.035 by age 75. This
cluster is characterized by risk factors such as high blood pressure (BP), alcohol
consumption, and overweight status, which contribute to the steep escalation in
cardiovascular risk. The critical-risk cluster, Q1,, exhibits the steepest increase
in hazard rates. Beginning at 0.015 at age 20, the hazard rate doubles to 0.030
by age 50 and escalates significantly to 0.050 by age 75. These trends reflect the
cumulative burden of critical risk factors, including critical BP, high BMI, and
low physical activity, which exacerbate the likelihood of cardiovascular events
over time. This temporal analysis underscores the framework’s ability to capture
dynamic risk patterns within distinct clusters. It highlights the importance of early
intervention for high- and critical-risk groups to mitigate the rapid progression
of cardiovascular risk as individuals age.

4.7. Comparison of CPR and HR metrics across clusters

Table 10 presents a comparative analysis of Cumulative Prevalence Ratios
(CPR) and Hazard Ratios (HR) for selected clusters. Additionally, the correlation
between these metrics is highlighted to evaluate the consistency of risk classi-
fication. The low-risk cluster (Q) demonstrates a CPR of 0.15 and an HR of
0.65, with a strong correlation of 90% between the two metrics. This high corre-
lation reinforces the alignment of cumulative and instantaneous risk assessments
for this cluster, which primarily includes individuals with favorable cardiovas-
cular health profiles. The low CPR and HR values reflect minimal cumulative

Table 10: Comparison of CPR and HR metrics for clusters

Cluster ID CPR HR Correlation (%) Risk classification
Q1 0.15 0.65 90% LOW RISK
Q6 0.60 1.25 85% HIGH RISK
Q15 0.90 1.85 95% HIGHEST RISK
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exposure and event risk in this group, underscoring the protective impact of bal-
anced BMI, high physical activity, and low fasting blood sugar. For the high-risk
cluster (Qg), the CPR and HR values are 0.60 and 1.25, respectively, with a
correlation of 85%. This group represents individuals with moderate-to-severe
risk factors, such as high blood pressure and overweight status. These factors
contribute to both elevated cumulative exposure and a higher likelihood of car-
diovascular events, as reflected in the cluster’s increased CPR and HR values.
The highest-risk cluster (Q5) exhibits the highest CPR (0.90) and HR (1.85)
values, with a nearly perfect correlation of 95%. This cluster reflects the critical
convergence of severe cardiovascular risk factors, including critical blood pres-
sure, high BMI, and low physical activity. These characteristics emphasize the
compounded and dynamic nature of risk within this subgroup, requiring imme-
diate and comprehensive medical intervention to mitigate cardiovascular events.
This comparative analysis highlights the robustness of the proposed framework
in integrating cumulative (CPR) and instantaneous (HR) risk metrics. The high
correlations observed across clusters validate the consistency of the risk clas-
sification and underscore the framework’s utility in providing a comprehensive
risk assessment. These results emphasize the value of prioritizing modifiable risk
factors, such as BMI and physical activity, to reduce the overall cardiovascular
disease burden effectively.

4.8. Visual insights and validation of cardiovascular risk stratification

The risk level distribution, shown in Figure 2, provides a summary of the
proportion of patients in each cardiovascular risk category. This visualization
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Figure 2: Risk level distribution
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aligns with the distribution presented in Table 6, where Critical Risk patients
dominate the cohort, followed by Moderate and High Risk groups, with Low
Risk patients being the smallest category. This figure underscores the importance
of prioritizing interventions for the Critical and High Risk groups.

Figure 3 illustrates the distribution of cumulative prevalence ratios (CPR)
across the patient population. CPR quantifies the aggregated cardiovascular risk
associated with each patient cluster, revealing the underlying risk landscape. The
distribution is highly right-skewed, with a large concentration of patients at the
lower end of the CPR scale, reflecting low-risk clusters. Peaks at higher CPR
values correspond to clusters with elevated risks, highlighting the contribution
of advanced age, high cholesterol, and elevated blood pressure to cardiovascular
disease risk.
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Figure 3: CPR distribution

Figure 4 presents the Kaplan-Meier survival curve for patients in Cluster 6,
tracking the probability of survival over time. The declining curve reflects the in-
creasing likelihood of cardiovascular events for this moderate-to-high risk group.
This result emphasizes the need for targeted interventions for patients in Cluster 6
to reduce their long-term cardiovascular risk.

Figure 5 shows the progression of intra-cluster and inter-cluster distances
across clustering iterations. The intra-cluster distance decreases over time, in-
dicating improved compactness within clusters, while the inter-cluster distance
remains high, reflecting effective separation between clusters. This visualization
validates the ability of the clustering algorithm to create distinct and cohesive
cardiovascular risk profiles.



www.czasopisma.pan.pl P N www.journals.pan.pl
Y

COMPUTATIONAL FRAMEWORK FOR DYNAMIC CARDIOVASCULAR RISK ASSESSMENT
WITH CLUSTER-SPECIFIC COX MODELS AND CUMULATIVE RISK ANALYSIS 121

Risk Category Distribution with KDE Overlay

4000 - ] ] Risk Category

3500 ) I /
W M . AU
T\ t— |/

— el I
2500

3000

Frequency
)
S
(=]
3
|

1500 -

1000

500

40 50 60 70 80 920
CPR

Figure 4: Kaplan-Meier survival curve for Cluster 6
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Figure 5: Intra-cluster vs. inter-cluster distance over iterations

Figure 6 shows the distribution of CPR values across the four risk cate-
gories—Low, Moderate, High, and Critical Risk—overlaid with a Kernel Density
Estimation (KDE). Each bar represents the frequency of patients within specific
CPR ranges. Peaks in the KDE overlay highlight the concentration of CPR values,
validating the thresholds used to define risk categories. Low and Moderate Risk
categories dominate the lower CPR range, while higher CPR values align with
High and Critical Risk groups.

Figure 7 presents boxplots of CPR values for each risk category (Low, Moder-
ate, High, Critical). The figure demonstrates a clear progression in median CPR
values from Low to Critical Risk categories. Minimal overlap between categories
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Figure 6: Risk category distribution with KDE overlay

reflects the effectiveness of CPR thresholds in stratifying patients into appro-
priate risk levels. This result supports the utility of CPR as a robust metric for
cardiovascular risk classification.
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Figure 7: CPR distribution by risk category

4.9. C-index as a measure of predictive accuracy

The Concordance Index (C-Index) is a widely used metric for evaluating the
predictive accuracy of survival models. In this study, the calculated C-Index of
0.7646 indicates a strong agreement between predicted and actual survival out-
comes. A C-Index above 0.75 is considered strong, validating the reliability of
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the Cox Proportional Hazards Model in ranking patients based on their cardio-
vascular risk. This high C-Index underscores the effectiveness of the proposed
clustering framework in creating well-defined patient profiles and the CPR met-
ric in capturing cumulative risk over time. Rigorous preprocessing, including the
removal of noise and near-constant columns, ensured that the model focused on
features with the greatest impact on survival outcomes. These steps collectively
enhanced the predictive power and consistency of the model. The high C-Index
validates the applicability of the proposed methodology in real-world healthcare
scenarios. The integration of dynamic clustering, cumulative risk assessment,
and survival modeling demonstrates the potential to guide precision medicine
initiatives. This framework supports timely and targeted interventions for high-
risk cardiovascular patients, providing actionable insights for improving clinical
outcomes.

4.10. Age group analysis after clustering

This section provides a detailed analysis of cardiovascular risk factors strati-
fied by age groups for individuals with and without cardiovascular disease (CVD).
The clustering methodology grouped patients based on shared risk profiles, and
this age group analysis adds a temporal perspective, highlighting how cardio-
vascular risk factors evolve across different life stages. Table 11 summarizes
the average risk factors for each age group, offering granular insights into the
disparities between individuals affected by CVD and those without.

The results of this analysis reveal notable differences in cardiovascular risk
factors between individuals with and without CVD across age groups. BMI in-
creases with age in both groups, but individuals with CVD consistently exhibit
higher values. For example, BMI rises from 25.2 in the 20-24 age group to 32.0
in the 65+ group for individuals with CVD, compared to an increase from 23.5
to 29.4 for those without CVD. This trend underscores the growing impact of
weight on cardiovascular risk over time. Similarly, diastolic blood pressure (DBP)
increases more steeply in individuals with CVD, ranging from 82 mmHg in the
youngest group to 91 mmHg in the oldest, while those without CVD show a
smaller increase from 77 mmHg to 86 mmHg. Cholesterol levels also escalate
significantly with age, reaching 255 mg/dL in CVD patients aged 65+, compared
to 240 mg/dL in non-CVD individuals of the same age. These findings emphasize
the importance of managing blood pressure and cholesterol as individuals age.
Lifestyle factors such as smoking and alcohol use are higher among individuals
with CVD across all age groups. For instance, smoking scores range from 1.0
to 1.9 in CVD patients, while remaining between 0.2 and 1.1 in non-CVD indi-
viduals. Conversely, physical activity levels are consistently higher in non-CVD
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Table 11: Average risk factors by age group for individuals with and without CVD

Age group | CVD status | BMI | DBP | Cholesterol | Smoking | Alcohol | Activity | FBS
2024 WithCVD | 252 | 82 210 1.0 0.5 2.0 110
Without CVD | 23.5 | 77 200 0.2 0.2 3.0 100

2529 WithCVD | 265 | 83 215 1.1 0.6 1.8 115
Without CVD | 24.0 | 78 195 0.3 0.1 3.1 102

30.34 WithCVD | 27.8 | 84 220 1.2 0.7 1.6 120
Without CVD | 253 | 79 205 0.4 0.2 32 105
WithCVD | 284 | 85 225 1.3 0.8 14 125

3 Without VD | 260 | 80 210 0.5 0.3 33 | 107
WithCVD | 29.0 | 86 230 14 0.9 1.2 130

4044 Without CVD | 26.7 | 81 215 0.6 0.3 34 109
4549 With CVD | 29.6 | 87 235 1.5 1.0 1.0 135
Without CVD | 27.2 | 82 220 0.7 0.4 35 111

S0_54 With CVD | 30.2 | 88 240 1.6 1.1 0.8 140
Without CVD | 27.8 | 83 225 0.8 0.5 3.6 113

55 59 WithCVD | 30.8 | 89 245 1.7 1.2 0.6 145
Without CVD | 28.3 | 84 230 0.9 0.6 3.7 115

6064 WithCVD | 314 | 90 250 1.8 1.3 04 150
Without CVD | 28.9 | 85 235 1.0 0.7 3.8 117
WithCVD | 320 | 91 255 1.9 1.4 0.2 155

65+ Without CVD | 294 | 86 240 1.1 0.8 39 119

individuals, starting at 3.0 and increasing to 3.9 in the oldest age group. This
contrast highlights the protective role of active lifestyles in reducing cardiovas-
cular risk. Finally, fasting blood sugar (FBS) is consistently higher in individuals
with CVD, rising from 110 mg/dL to 155 mg/dL across age groups, compared
to 100 mg/dL to 119 mg/dL in non-CVD individuals. These findings emphasize
the critical need for glycemic control in managing cardiovascular risk over time.

4.10.1. Analysis of Cox regression results

The results of the Cox regression analysis, shown in Table 12, highlight
the significant covariates influencing cardiovascular disease (CVD) risk. BMI
emerged as a notable risk factor, with each unit increase raising the hazard by
2.9% (HR = 1.029109, p = 0.013169). Fasting blood sugar (FBS) demonstrated
the strongest association, with a hazard ratio (HR) of 1.022973 (p < 0.0001),
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underscoring its critical role in risk assessment. Physical activity serves as a
protective factor, reducing CVD risk (HR = 1.103798, p < 0.0001). Conversely,
smoking and alcohol intake significantly increase risk, with hazard ratios of
0.811770 and 0.685216, respectively, highlighting the importance of behavioral
interventions to mitigate these modifiable factors. Interestingly, factors such as
gender and cholesterol level showed minimal direct influence on CVD risk in this
cohort, as indicated by hazard ratios close to 1 and non-significant p-values. This
suggests that their contribution may be context-dependent or overshadowed by
other covariates in this specific population.

Table 12: Cox regression analysis results for CVD risk covariates

95% CI | 95% CI

Covariate B SE Wald Sig. Exp(B)

lower upper
BMI 0.028694 | 0.011574 |  2.479176 | 0.013169 | 1.029109 | 1.006027 | 1.052721
Gender | —0.000511|0.001367 | —0.373584 | 0.708714 | 0.999489 | 0.996815 | 1.002171
DBP 0.005688 | 0.000448 | 12.708421 | 5.31e-37 | 1.005704 | 1.004822 | 1.006587
g:glle“er"l 0.004069 | 0.006936 |  0.586631 | 0.557451 | 1.004077 | 0.990520 | 1.017821
E;‘)‘i’tkmg ~0.208538 | 0.017598 | —11.850059 | 2.15¢-32 | 0.811770 | 0.784248 | 0.840258
ﬁlt‘;i}eml ~0.378021 | 0.019708 | =19.181453 | 5.29¢-82 | 0.685216 | 0.659253 | 0.712201
Physical 0.098757 | 0.012832|  7.695979 | 1.40e-14 | 1.103798 | 1.076383 | 1.131912
activity
FBS 0.022713 | 0.000276 | 82.245867 | < 0.0001 | 1.022973 | 1.022419 | 1.023526

4.10.2. Visual representation of hazard ratios

Figure 8 provides a visual representation of the hazard ratios (Exp(B)) de-
rived from the Cox Proportional Hazards Model. Fasting blood sugar (FBS) and
physical activity exhibit the most pronounced effects on cardiovascular disease
(CVD) risk, as indicated by hazard ratios significantly above 1. These findings
emphasize their critical roles in determining cardiovascular health outcomes.
On the other hand, factors such as gender and cholesterol level show minimal
direct influence, as reflected by hazard ratios close to 1. The visual analysis
complements the tabular results by providing a clear hierarchical ranking of risk
factors. It underscores the prioritization of high-impact, modifiable factors such
as BMI, FBS, and physical activity. Behavioral factors like smoking and alcohol
intake also emerge as significant contributors, reinforcing the need for targeted
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interventions such as smoking cessation programs and strategies to encourage
moderate alcohol consumption. Taken together, the results emphasize the value
of a comprehensive, data-driven approach to cardiovascular disease management.
By focusing on high-impact modifiable factors, healthcare systems can more ef-
fectively allocate resources to reduce the burden of CVD and improve patient
outcomes. The integration of clustering, survival analysis, and regression model-
ing further enhances the understanding of these risks, enabling tailored strategies
to address both individual and population-level health challenges.

Hazard Ratios for Each Covariate

0.91

Hazard Ratio (Exp(B))

0.8 1

0.7 4

O
2 ¥

Covariate

Figure 8: Hazard ratios (Exp(B)) for key covariates in CVD risk assessment. Higher values
indicate stronger positive associations with cardiovascular risk, while values below 1 suggest
protective effects

5. Discussion

This study presents an innovative and adaptable framework for cardiovascu-
lar disease (CVD) risk assessment, integrating self-organizing clustering tech-
niques, the Cox Proportional Hazards Model, and the Cumulative Prevalence
Ratio (CPR) metric. Unlike traditional models such as logistic regression, the
proposed framework incorporates time-sensitive risk factors and provides per-
sonalized predictions, making it particularly effective for managing chronic and
progressive conditions like CVD. The dynamic adaptability of the framework
to new patient data enhances its relevance in real-world healthcare settings. The
clustering methodology effectively segments the patient population into 15 dis-
tinct groups, defined by unique combinations of cardiovascular risk attributes,
including BMI, diastolic blood pressure (DBP), cholesterol levels, smoking, and
physical activity. These clusters reveal meaningful patterns and variations across
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the population, enabling tailored interventions. For instance, younger individuals
(aged 20-24) with CVD exhibit an average BMI of 25.2, DBP of 82, and fasting
blood sugar (FBS) of 110, indicating early-onset risks associated with lifestyle and
metabolic factors. In contrast, older individuals (aged 60—65) demonstrate sig-
nificantly higher BMI (32.0), DBP (91), and FBS (155), reflecting compounded
risks from aging and modifiable behaviors. Such granular insights underscore
the utility of clustering for understanding diverse risk profiles and informing
targeted strategies. As illustrated in Figure 9, the two-dimensional visualization
of clusters highlights distinct and well-separated groupings, with each cluster
occupying a defined region. This demonstrates the framework’s ability to process
high-dimensional data while maintaining interpretability. The compactness and
separation of clusters further validate the robustness of the clustering algorithm,
ensuring reliable stratification of patients based on cardiovascular risk. Lifestyle
factors, such as smoking and alcohol consumption, exhibit significant disparities
across age groups and CVD statuses. Individuals with CVD consistently report
higher smoking and alcohol intake compared to their non-CVD counterparts,
emphasizing the critical role of addressing modifiable behaviors in reducing
cardiovascular risk.

Cluster Visualization

Feature 2
Cluster ID

Feature 1

Figure 9: Cluster Visualization: Each cluster represents a distinct cardiovascular risk profile,
demonstrating compactness and separation achieved through the clustering methodology

Additionally, physical activity emerges as a protective factor, with non-CVD
individuals consistently reporting higher activity levels. These findings reinforce
the need to incorporate behavioral interventions into preventive strategies, focus-
ing on smoking cessation, alcohol moderation, and physical activity promotion to
mitigate cardiovascular risk. The introduction of the CPR metric represents a key
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advancement in cardiovascular risk assessment. Unlike traditional hazard ratios,
which provide instantaneous risk estimates, CPR offers a longitudinal perspec-
tive by integrating risk exposure over time. This cumulative measure effectively
distinguishes between varying levels of risk exposure, as demonstrated by the
separation of CPR values across low, moderate, high, and critical risk categories.
When combined with hazard ratios from the Cox model, the CPR provides a
comprehensive understanding of both short-term and long-term risk dynamics,
enabling healthcare providers to prioritize high-risk patients for timely interven-
tions. The results of the Cox Proportional Hazards Model highlight the influence
of key covariates such as BMI, DBP, FBS, and physical activity on cardiovas-
cular risk. BMI and FBS exhibit strong positive associations with CVD risk,
reinforcing the importance of managing weight and glycemic levels to reduce
long-term complications. In contrast, physical activity demonstrates a significant
protective effect, aligning with its top ranking in the hierarchical analysis. These
findings provide actionable insights for healthcare providers to allocate resources
and prioritize interventions effectively. Age group analysis following the clus-
tering process adds a temporal dimension to the findings. Younger individuals
generally exhibit lower BMI and FBS levels but greater variability in physical ac-
tivity, while older age groups are characterized by compounded risks associated
with elevated BMI, DBP, and FBS. These trends emphasize the importance of
age-specific strategies for managing cardiovascular risk and highlight the need
for continuous monitoring to address both demographic and clinical variations.
The integration of hierarchical rankings with cumulative measures like CPR
enhances the predictive capacity of the framework. By quantifying the cumulative
burden of cardiovascular risk factors, the framework supports proactive healthcare
management and tailored preventive strategies. The high Concordance Index (C-
Index) of 0.7646 validates the predictive accuracy of the proposed methodology,
demonstrating its robustness in generalizing across diverse patient populations.
This strong performance reflects the framework’s ability to capture complex,
dynamic relationships between cardiovascular risk factors and outcomes. The
findings of this study highlight the multifaceted nature of cardiovascular risk and
emphasize the importance of comprehensive, data-driven strategies to improve
patient outcomes. The clustering approach facilitates personalized interventions
by addressing the specific needs of distinct patient subgroups, particularly high-
risk populations such as older individuals with compounded risk factors. Be-
havioral modifications, including smoking cessation, alcohol moderation, and
increased physical activity, provide actionable strategies for reducing risk. The
integration of the Cumulative Prevalence Ratio (CPR) metric enables longitudi-
nal risk management, supporting long-term monitoring and early intervention for
high-priority patients. Additionally, the framework’s dynamic risk stratification
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ensures the efficient allocation of healthcare resources to individuals who need
them most, enhancing the overall effectiveness of preventive healthcare strategies.

6. Conclusion

This study introduces an innovative and adaptable framework for evaluating
cardiovascular disease (CVD) risk, addressing key limitations of traditional pre-
dictive models. By integrating self-organizing clustering techniques, the Cox Pro-
portional Hazards Model (CPHM), and the Cumulative Prevalence Ratio (CPR),
the proposed methodology offers a comprehensive, patient-centered approach to
risk assessment that dynamically adapts to evolving data and patient profiles.
The clustering methodology, as visualized in Figure 9, effectively segments the
patient population into distinct cardiovascular risk profiles. By identifying shared
attributes within these clusters, such as BMI, fasting blood sugar (FBS), and phys-
ical activity, the framework provides deeper insights into patient heterogeneity.
These well-defined clusters enhance interpretability and serve as a robust founda-
tion for adaptive healthcare management by supporting tailored interventions for
specific patient subgroups. A key innovation of this framework is the introduction
of the CPR metric, which provides a longitudinal perspective on cumulative car-
diovascular risk. Unlike traditional hazard ratios that capture instantaneous risk,
CPR enables stratification into actionable risk categories—low, moderate, high,
and critical. This empowers healthcare providers to prioritize high-risk patients
for timely interventions. The high predictive accuracy of the model, demonstrated
by a Concordance Index (C-Index) of 0.7646, further validates its reliability and
applicability across diverse patient populations. Moreover, this study highlights
the framework’s ability to balance analytical complexity with actionable insights.
By ranking attributes based on their contributions to CVD risk, the methodology
provides a clear roadmap for resource prioritization and intervention planning.
Notable findings, such as the protective effects of physical activity and the signif-
icant roles of BMI and FBS in cardiovascular risk, underscore the importance of
addressing modifiable factors through preventive healthcare strategies. Looking
ahead, future research could expand the framework by incorporating additional
clinical, genetic, and lifestyle data to refine its predictive precision. Integration
with emerging technologies, such as real-time health monitoring and wearable
devices, could further enhance the framework’s adaptability to evolving health-
care needs. Expanding the methodology to other chronic and long-term health
conditions would also broaden its impact in precision medicine.

In conclusion, this study underscores the transformative potential of flexible,
data-driven frameworks in advancing CVD prevention and treatment. By deliv-
ering prompt, accurate, and actionable insights, the proposed methodology lays a
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strong foundation for a new era of personalized healthcare. Empowering health-
care providers to implement precise, patient-specific interventions, this frame-
work holds promise for improving patient outcomes, reducing disease burden,
and enhancing quality of life for individuals at risk of cardiovascular disease.
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