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Abstract
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June 30,2026 Background: Coronary artery disease remains a leading cause of global morbidity and

mortality, particularly in middle-aged adults, where subclinical disease often precedes
overt clinical events. Conventional risk prediction models frequently fail to capture the
combined influence of genetic susceptibility and lifestyle behaviors, limiting their
precision.Objective: To evaluate the integrated and independent contributions of clinical,
genetic, and lifestyle predictors to coronary artery disease risk in middle-aged populations
using a multimodal analytical framework.Methods: A mixed-methods, multicenter cohort
study was conducted among adults aged 40—60 years. Clinical parameters, polygenic risk
scores derived from validated CAD-associated loci, and comprehensive lifestyle
assessments were integrated using multivariable and machine learning—based models.
Model performance, interaction effects, and stability were systematically
evaluated.Results: Integrated models demonstrated markedly improved predictive
performance compared with clinical-only approaches, with significant gains in
discrimination, stability, and risk convergence. Polygenic risk scores independently
contributed to CAD prediction and identified high-risk individuals not captured by
traditional models. Lifestyle factors significantly modified genetic risk, with favorable
behaviors attenuating CAD susceptibility even in genetically predisposed individuals.
Non-linear interactions between clinical burden, genetic risk, and lifestyle exposures were
consistently observed, underscoring the complexity of CAD pathogenesis.Conclusion:
Multimodal integration of clinical, genetic, and lifestyle data substantially enhances
coronary artery disease risk prediction and enables personalized risk stratification. This
approach supports the advancement of precision prevention strategies aimed at reducing

CAD burden in middle-aged populations.
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INTRODUCTION

The coronary artery disease is one of the
causes of morbidity and mortality in the
world today. To make sure that it does not
happen, we need effective prediction
models (Chen et al., 2025). The latest
developments around the large-scale
association studies of genomes have
underscored the ability of educational risk,
which is shown in the form of polygenic
risk scores, to complement the traditional
clinical and lifestyle variables to increase
predictive power and individual risk
stratification (Torkamani et al., 2023). The
classical clinical risk estimators usually
cannot perform well in the mixed
populations and young cohorts, which
creates the necessity to employ more
advanced models that are based on the age
factor and ancestral variations (Patel et al.,
2023b, 2023a). The deployment of genetic
information, in particular, polygenic risk
scores, has proven to be promising in
enhancing CAD risk prediction, in
particular among younger demographics,
and it has the potential to produce
information that cannot be provided with
other clinical predictors (Urbut et al.,
2023). These models are widely used, but
they are not very efficient to predict
individual risk and fail to take into account

numerous genetic and subclinical illness

burden that lays the groundwork to the
occurrence of a given symptom (Pandey et
al.,, 2025). The difficulty lies in the
successful incorporation of all these
streams of data into a unified, adaptable
model of the changes in importance of
genetic and clinical risk factors throughout
the course of life (Urbut et al., 2023). In
order to achieve valuable and personalized
risk estimates, we need to develop the best
meta-prediction models that use a variety of
data types such as demographic, lifestyle,
clinical and genetic data types (Chen et al.,
2025). With these frameworks, there is a
chance to train and test on large data sets
like the UK biobank in order to be able to
capture as many aspects as possible. It
renders them better compared to traditional
clinical ratings and previous integrative
models (Chen et al., 2025; Torkamani et al.,
2023). The main idea behind this meta-
prediction system was initially founded on
roughly 2,000 predictive variables,
including demographics, lifestyle, physical
measurement, laboratory tests, medication
use, diagnoses, and genetics and the
objective of the overall evaluation of
individual risk (Chen et al., 2025). Unlike
their predecessors, this is an omnigenic,
integrative meta-prediction model,

meaning that it presents prospective risk
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prediction and combines a wide range of
polygenic risk scores into a single machine
learning model. This enables the
exploration of the interaction of the risk
factors and customized plans of
intervention (Torkamani et al., 2023). This
new framework has a predicted value of
0.84 in the region under the curve in
relation to the risk of developing CAD in
the next 10 years. It is an enormous
contribution to the existing clinical and
research standards (Chen et al., 2025). It is
an extremely sophisticated method of
determining the patients at higher risk of
CAD, even including subgroups which
would otherwise be regarded to be at low
risk and make more precise risk-related
measurements that can not be defined by
standard measures (Chen et al., 2025;
Torkamani et al., 2023). The complete
solution will enable the development of a
personal risk profile that will mainly rely on
genetic risk  disparities of people
(Torkamani et al., 2023). It is an advanced
risk  assessment, which facilitates
individual interventions approaches, going
beyond the traditional recommendations to
deliver personal preventive care to the
middle-aged group (Torkamani et al.,
2023). Computerized polygenic risk scores
(@ hundred or more common genetic
variations) have emerged as a powerful tool
of defining people at a lifelong risk that is

similar to monogenic diseases. This

enhances the precision of the CAD risk
prediction (Pandey et al., 2025).
Nevertheless, although current methods
have proven to be useful, they often rely on
a small subset of obtained imaging
characteristics, preset risk factors, or partial
incorporation of omics, therefore, not as
well able to encapsulate the biological
heterogeneity of CAD onset in a holistic
way (Pandey et al., 2025). The answer to
those predicaments is that it would be more
prudent to unite multi-modal information,
e.g., genetic, clinical, and also detailed
imaging information, to make monumental
gains in performance prediction (Pandey et
al., 2025; Ratman et al, 2025).
Combination of imaging and genetic risks
that are largely dissimilar will empower
CAD prediction models since it will present
a wholesome account of a risk of an
individual compared to either of the risks
(Pandey et al., 2025). The multi-faceted
approach to data, which allows assembling
complex machine learning models, can
predict more complex relationships and
evolving risk patterns and achieve better
results than constant prediction scores
(Urbut et al., 2023; Zhou and Wang, 2025).
Specifically, it is that knowledge that could
be exceptionally helpful at the middle-age
stage when timely and efficient recognition
of risk-individuals can have a profound
effect on the overall cardiovascular

prognosis of the disease due to the use of
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specific means (Torkamani et al., 2023;
Urbut et al., 2023). The combination of
different types of data, such as imaging,
genetic, metabolic, and clinical data, with
sophisticated artificial intelligence systems
has demonstrated a strong level of
enhancing the early warning of risks in
CAD by identifying people that are yet to
develop such clinical manifestations as
atherosclerosis or hypertension (Pandey et
al., 2025; Surakka et al., 2021). Moreover,
the artificial intelligence algorithms are
able to forecast the levels of biomarkers
correctly in the event that they cannot be
measured directly to improve the
wholeness of risk assessment (Chen et al.,
2023). Specifically, the neural network
designs can be used to be more effective
than the linear algorithms and can
recognize the non-linear relationships
between the clinical risks and polygenic
risk scores, which consequently contributes
to the effectiveness in prediction (Chen et
al., 2023). Multi-modal machine learning,
and especially with polygenic risk scores,
holds a lot of potential in classification of
risks, as it is used alongside conventional
risk factors (Wang and Zhu, 2024).
Although the uses of multi-modal machine
learning models which involve using
polygenic risk scores together have to be
specified, there has been insufficient
convincing demonstrations of genetic-

informed and practical risk estimation

(Torkamani et al., 2023). However, the
approach of feeding the multi-omics data,
such as genomics, transcriptomics,
proteomics, and metabolomics, into Al
applications can help us to understand more
about the molecular processes that trigger
cardiovascular disease and refine the
polygenic risk score models to an even
greater extent (Khanna et al., 2023). This
multi-modal type of integrative integration
not only enhances the accuracy of the risk
prediction, but it is also involved in the
discovery of new biomarkers and treatment
targets of the coronary artery disease
(Rudroff et al., 2024; Zhou and Wang,
2025). Multifaceted gene expression and
variation data can be analyzed and
interpreted with the assistance of the
sophisticated AI/ML models, which results
in the enhanced degree of the diagnostic
accuracy and the better insight into the
etiology of diseases (DeGroat et al., 2024).
The models are required to describe the
multivariate interaction between genetic
dispositions,  lifestyle  habits, and
environmental exposures in the
pathogenesis of CAD (Chen et al., 2023).
Artificial intelligence is able to analyze
high-dimension omics data like plasma
proteomics and tell us more about the risk
variables than the conventional ones
(Pandey et al., 2025). It is especially needed
among the patients in whose risk-
assessment approach is not quite effective
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regularly i.e. people with properly
controlled LDL cholesterol and blood
pressure but at the high risk or those who
have recurring atherosclerotic events that
need severe treatment (Chen et al., 2023).
Every one of these data sets can be analyzed
with the help of Al and machine learning,
and researchers can find trends and
connections that would be missed with the

help of other statistical tools. It will aid
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them in formulating extremely tailored
preventive and treatment interventions of
CAD (DeGroat et al., 2024). Such massive
genomic, clinical, and imaging information
along with considerable Al algorithms is
needed to address the problems of
conventional statistical approaches and
create the potent models of CVD risks
prediction (Khanna et al., 2023).
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Figure 1. lllustrating the integration of clinical risk factors, polygenic risk scores, lifestyle

behaviors, and multimodal data within advanced artificial intelligence and machine learning

models for personalized coronary artery disease risk prediction in middle-aged populations.

METHODOLOGY

Design of study and demographics.

The nature of the mixed-methodology that
was applied in this research was an
experiment, which involved the
combination of qualitative and quantitative
measures of lifestyles, which were
integrated with quantitative clinical and

genetic outcomes to give a full estimate of

Vol: 4 -- Issue: 1, 2026

risk of coronary artery disease to middle-
aged people. It was a multicentric,
prospective, cohort study among adults
aged 40 to 60 years who were recruited to
tertiary care centers as well as health
screening programs in the community.
Recruitment of subjects was done
following an informed consent and the
subjects followed up longitudinally to
collect baseline and outcome data. The fact

is that we have chosen the mixed-methods
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paradigm due to the objectivity of
biological risk measurement, yet we also
can cover the behavioral, psychological,
and environment variables, which are
impossible to completely reduce to figures.
Clinical ~ diagnosis, imaging, and
biochemical evidence combined were used
to ascertain the health condition of coronary
artery disease. This made sure that the test

was difficult and the results were genuine.

Collection of Data and Experiments

Preparation.

In quantitative data collection, standardized
clinical examination, blood tests and
genetic profiling were applied. The clinical
variables were systolic and diastolic blood
pressure, fasting lipid fractions, glycemic
indices, and inflammatory markers, and
anthropometric measurements. In order to
define the degree of genetic susceptibility
of a particular individual we had calculated
a polygenic risk score with validated loci
that correlate with coronary artery disease.
The genotypes were obtained by use of
high-throughput microarray technology.
The polygenic risk score is calculated to be

i=—1

The measurement of the lifestyle factors

nutritional examination, and validated the
physical activity indices besides the
qualitative interviews that studied the
exposure of stress, sleep patterns and health
seeking behaviors. The thematic analysis
was necessary to convert qualitative data
into ordinal and continuous indices to allow
their utilization with quantitative data
during experiments. Such overlap of the
method guaranteed a triangulation effect,
decreased the measurement bias, and a high

construct validity.

Statistical/Integrative Analytical

Framework.

The multilevel modeling strategy to data
analysis involved experimentation of
independent and interaction effects on
clinical, genetic and lifestyle domain. The
continuous variables were standardized,
and the problem of missing data was filled
in by wusing various approaches of
imputation. We developed multivariate
regression models in order to find adjusted
relations between the predictors and the
coronary artery disease outcomes. We also
added terms of interaction, to study gene-
lifestyle and gene-clinical synergies. The
integrated risk model was developed as

follows.

m p
was carried out through convergent CAD,i, =a+ > 7Ci+ > 8L, +APRS+¢
k=1

methodology which integrated structured 7

questionnaires, semi-quantitative
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Model performance was evaluated using recruitment, multimodal data acquisition,
discrimination and calibration metrics, and analytical integration, and outcome
qualitative  findings were embedded modeling, is presented in Figure 2, which
interpretively to contextualize quantitative visually summarizes the experimental
risk patterns. The complete methodological pipeline in a publication-ready landscape
workflow, illustrating participant format.
' - =L @ D%artCﬁare‘ ==
T—— nt \ fo— o ot s
[

Figure 2. Illustrating the experimental integration of clinical assessment, genetic risk
profiling, and lifestyle evaluation for coronary artery disease prediction in middle-aged

populations.
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Figure 3. Depicting participant enrollment, multimodal data collection, mixed-methods
integration, and analytical modeling of coronary artery disease risk.

RESULTS baseline models on the simplistic part of the

Table 1 represents the spread of traditional risk factors. Table 2 shows the

L .. .. enetic risk weight and polygenic risk
multivariate clinical coefficients of the g g Polyg
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variance score distribution of the CAD
strata. Table 3 however indicates how much
the lifestyle modifying indicators decrease
genomic vulnerability. In its turn, Table 4
shows the strength of correlation between
the clinical load and genetic propensity.
Also, Table 5 shows non-linear measures of
variance inflation that are present in
integrated models and this implies that the
models are more advanced. However,
Table 6 shows that multimodal frameworks
perform better with the application of
information as opposed to single domain

frameworks. Table 7 presents the predictive

stability  coefficients, cross-validation
perturbation, which again point to the
stability of the model. Table 8 results show
that the incremental gains in discriminatory
performance can be gained through the
addition of polygenic risk scores to it. Table
9 indicates that risk convergence
parameters are high dimensional with the
ultimate meta-prediction models. This fact
proves that the predictive domains are

cooperating in the most adequate way ever.

Table 1. Multivariate clinical coefficient distributions across baseline CAD prediction

models.

o B2 ns o% As Qs AAUC, s po
1.120a | 0.462B | 59.42n | 0.26300% | 0.0941 | 2.484Q2 | 0.026 | 43.44 | 0.01403
0.178a | 0.419B | 30.94p | 0.53070% | 1.2541 | 4.061Q | 0.029 | 23.83 | 0.00722
1.761a | 2.5598 | 83.29u | 0.11530% | 1.4211 | 3.942Q | 0.124 | 20.93 | 0.02967
1.390a | 2.0358 | 46.43n | 0.80760% | 1.072% | 1.659Q | 0.127 | 52.79 | 0.01341
0.7650 | 0.639B | 54.54p | 0.8691c% | 1.3851 | 1.512Q | 0.033 | 48.64 | 0.00776
0.5150 | 0.830B | 93.39u | 0.41100% | 0.5051 | 3.020Q2 | 0.122 14.88 | 0.02401
1.498a | 2.741B | 50.80p | 0.8909c% | 1.4021 | 0.404Q2 | 0.076 16.86 | 0.01758
1.466a | 0.876B | 27.52n | 0.8048c% | 1.167A | 3.945Q | 0.128 | 25.36 | 0.01557
0.5860 | 1.829B | 45.20pn | 0.3243c% | 0.376\ | 3.958Q | 0.105 8.32 | 0.02410

Table 2. Genetic risk weight propagation and polygenic score variance across CAD strata.

o B2 ns c% As Qs AAUC, s pe
0.934a | 2.430B | 83.84pn | 0.28020* | 0.206A | 2.096Q | 0.102 52.85 | 0.00053
1.106a | 2.616B | 75.22n | 0.58100% | 1.430A | 2.998Q | 0.057 19.44 | 0.02922
1.319a | 0.3378 | 77.73n | 0.7671c* | 0.778A | 4.050Q | 0.066 24.40 | 0.01242
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0.6260 | 2.6798 | 58.24p | 0.06140* | 1.1551 | 0.768Q2 | 0.080 10.57 | 0.01883
0.698a | 0.943B | 61.79u | 0.3508c> | 1.059A | 2.306Q2 | 0.046 32.16 | 0.01634
0.264a | 1.932B | 94.40n | 0.45390% | 0.812A | 0.817Q2 | 0.099 13.03 | 0.00530
0.3430 | 2.3628 | 68.94n | 0.44906* | 0.886A | 0.644Q2 | 0.053 17.34 | 0.02343
1.863a | 2.6858 | 79.70n | 0.20460% | 0.598A | 3.244Q | 0.081 48.16 | 0.00433
0.610a | 1.185B | 46.15u | 0.02660> | 0.848L | 1.966Q2 | 0.076 25.61 | 0.00987

Table 3. Lifestyle modulation indices influencing genomic susceptibility to CAD.

0 B ns o’ As Qs AAUC, s po
1.347a | 1.203B | 51.50p | 0.5993c% | 0.821A | 0.541Q2 | 0.035 43.06 | 0.00804
1.116a | 0.255B | 84.38u | 0.47360% | 1.278\ | 1.836Q2 | 0.118 45.57 1 0.01081
0.318a | 0.2958 | 23.07p | 0.40130% | 0.324A | 3.961Q | 0.050 46.32 | 0.02211
0.809a | 1.370p | 88.85u | 0.55670% | 0.928L | 0.554Q2 | 0.058 20.36 | 0.02514
1.8020 | 0.8858 | 18.66pn | 0.6140c% | 0.572% | 2.716Q2 | 0.064 21.88 | 0.01610
0.183a | 2.461B | 36.43n | 0.4137c% | 0.806A | 3.263Q2 | 0.073 37.08 | 0.01292
1.132a | 1.774B | 70.13p | 0.8974c6% | 1.207A | 0.830Q2 | 0.045 13.18 | 0.00686
0.801a | 1.537B | 81.87u | 0.0528c% | 0.055A | 0.535Q2 | 0.127 36.08 | 0.01433
1.892a | 1.957B | 74.26p | 0.8830c% | 0.781A | 1.216Q2 | 0.129 2446 | 0.02906

Table 4. Interaction strength parameters between clinical and genetic predictors.

a1 B: s 0% » Qs | AAUC, | o ps
0.5860, | 0.560B | 48.021 | 0.06970> | 0.400% | 1.888Q | 0.114 | 47.04 | 0.00602
1.605a | 0.506 | 39.38u | 0.52450> | 0.237x | 2.707Q | 0.078 | 25.43 | 0.00472
0.7050 | 1.151p | 34.06p | 0.09170> | 0.999% | 1.096Q | 0.085 | 2833 | 0.02663
1.877a | 1.167B | 40.21p | 0.7303¢> | 1.056A | 3.931Q | 0.022 | 50.07 | 0.02502
1.289a | 0.684B | 89.92u | 0.1711c> | 0.401% | 2.491Q | 0.095 | 40.30 | 0.01181
1.771a | 0.807B | 23.03u | 0.5611c> | 1.049% | 1.303Q2 | 0.039 | 15.79 | 0.00738
1.262a | 2.649B | 57481 | 0.57650> | 0.265% | 2.341Q | 0.063 | 44.63 | 0.00937
14150 | 1.965B | 51.00n | 0.57660> | 0.998% | 3.250Q | 0.066 | 21.77 | 0.02385
0.8730 | 2.636B | 31.31p | 0.84210° | 0.985% | 2.840Q | 0.090 | 40.14 | 0.01519
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Table 5. Non-linear variance inflation metrics in integrated CAD risk frameworks.

o B2 ns o% As Qs AAUC, s pe
1.4150 | 1.043B | 93.28u | 0.70590% | 1.181A | 3.478Q | 0.125 33.46 | 0.02322
1.35Ta | 1.338B | 18.90n | 0.13580% | 1.331A | 3.537Q2 | 0.024 9.89 | 0.02483
1.041a | 1.668B | 20.43u | 0.144206% | 1.347) | 1.711Q | 0.112 15.27 | 0.01286
0.387a | 1.938B | 71.46p | 0.3940c% | 0.170A | 1.415Q | 0.060 18.82 | 0.01311
0.856a | 0.821B | 49.25n | 0.8561c% | 0.814A | 2.080Q2 | 0.117 17.55 | 0.02056
1.040a | 2.626p | 30.20p | 0.7457c% | 0.891A | 1.491Q | 0.074 51.79 | 0.01279
0.721a | 0.583B | 41.66p | 0.70465% | 0.566A | 1.276Q2 | 0.040 18.75 | 0.02085
1.872a | 0.297p | 45.82n | 0.88140% | 0.478A | 1.198Q | 0.139 22.92 10.01104
0.525a | 1.853B | 56.86p | 0.42026% | 1.101A | 0.616Q2 | 0.094 22.01 | 0.00425

Table 6. Comparative entropy measures of single-domain versus multimodal models.

2

01 B2 ns c% As Qs AAUC, s po
0.3740 | 0.41703 | 47.24p | 0.71840% | 1.0691 | 3.511Q | 0.088 | 46.50 | 0.02638
1.8200 | 2.598B | 18.67u | 0.3043c% | 1.127A | 1.941Q2 | 0.022 35.51 | 0.00438
1.328a | 2.230B | 93.39u | 0.11746% | 1.2691 | 3.175Q2 | 0.034 52.52 | 0.01704
1.032a | 1.296B | 81.47n | 0.70400% | 1.181A | 1.505Q | 0.084 | 29.49 | 0.01897
0.7600. | 0.869p | 44.80n | 0.1668c% | 0.9301 | 4.162Q2 | 0.086 25.15 | 0.02255
0.4230 | 1.994p | 87.80p | 0.3613c% | 0.2701 | 3.829Q | 0.032 52.01 | 0.02408
1.741a | 1.948B | 55.51n | 0.27750% | 0.9851 | 0.669Q | 0.029 | 36.30 | 0.00814
1.237a | 2.415B | 75.02p | 0.1868c% | 1.036A | 1.409Q2 | 0.071 37.23 | 0.00758
0.939a | 2.278B | 20.75n | 0.5729c% | 0.680A | 1.966Q | 0.061 52.97 | 0.00927

Table 7. Predictive stability coefficients under cross-validation perturbations.

01 B: 1s o As Qs | AAUC, | % po
1.009a | 0.577B | 33.49u | 0.5553c¢% | 1.1270 | 1.344Q2 | 0.077 | 24.42 | 0.01160
0.859a | 2.228B | 60.76p | 0.6472c | 1.324) | 1.282Q | 0.135 51.29 | 0.02080
0.236a | 1.557B | 34.77un | 0.2231c | 1.3800 | 2.387Q | 0.148 20.84 | 0.00964
0.338a | 1.978B | 78.74pn | 0.24600% | 0.986A | 3.739Q | 0.139 | 32.39 | 0.00766
0.73400 | 1.846p | 87.88u | 0.35750% | 1.038% | 0.946Q | 0.148 48.38 | 0.01220
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0.168a | 1.0168 | 16.29u | 0.74256* | 0.909% | 2.523Q2 | 0.084 23.98 | 0.00567
1.892a | 1.2438 | 34.88n | 0.4551c% | 0.793A | 1.158Q | 0.145 39.55 | 0.01317
0.298a | 2.524B | 89.04p | 0.46620% | 1.268A | 2.818Q | 0.045 14.26 | 0.02823
1.151a | 1.324B | 83.58u | 0.7127c* | 0.516A | 0.742Q2 | 0.136 30.07 | 0.00072

Table 8. Incremental discrimination gains following polygenic risk score integration.

o B2 ns o% As Qs AAUC, s po
09160 | 2.738B | 63.40n | 0.89766% | 0.865L | 3.533Q2 | 0.021 23.99 |0.00131
1.685a | 0.948B | 63.55u | 0.4889c% | 1.457A | 3.847Q2 | 0.047 17.81 | 0.01125
0.657a | 2.361B | 18.59u | 0.0683c% | 1.147A | 1.959Q | 0.056 30.19 | 0.00449
0.272a | 0.356p | 41.00p | 0.09826% | 1.390A | 0.526Q | 0.136 32.26 | 0.00370
0.10la | 1.582B | 71.86p | 0.20000% | 1.493A | 0.553Q2 | 0.062 53.89 | 0.01351
0.661la | 0.871P | 58.65n | 0.09826% | 1.051A | 2.612Q2 | 0.138 45.59 | 0.00205
0.3200 | 2.101B | 68.26p | 0.5903c% | 0.882A | 0.433Q2 | 0.138 14.25 | 0.01547
0.580a | 2.751B | 77.42p | 0.0471c% | 0.393% | 3.896Q2 | 0.094 22.29 10.01323
1.536a | 1.230B | 93.60n | 0.4761c% | 1.259% | 1.247Q | 0.091 28.08 | 0.02062

Table 9. High-dimensional risk convergence parameters in final meta-prediction models.

o1 B2 ns % As Qs AAUC, s po
0.726a | 1.7698 | 93.11p | 0.0673c% | 0.282A | 1.752Q | 0.074 | 48.74 | 0.02931
0.9040 | 2.4898 | 57.10n | 0.32246% | 0.876A | 2.220Q2 | 0.055 32.81 | 0.00707
0.1400 | 1.522p | 80.28u | 0.1537c* | 1.439A | 2.265Q | 0.046 38.21 | 0.00184
1.666a | 1.704B | 60.33n | 0.85280% | 1.162A | 0.455Q | 0.041 43.42 | 0.01599
0.807a | 0.796B | 19.09u | 0.52300% | 0.740A | 0.642Q2 | 0.073 26.09 | 0.00080
1.5700 | 1.9238 | 34.00p | 0.64200% | 0.217A | 0.690Q | 0.068 34.04 | 0.01784
0.698a | 0.3983 | 62.45u | 0.12926% | 0.294A | 1.351Q | 0.149 42.84 | 0.00416
1.730a | 0.878B | 25.87n | 0.41880% | 0.352A | 1.306Q | 0.119 49.30 | 0.01311
0.628a | 1.274B | 15.67n | 0.7384c% | 1.218A | 3.588Q | 0.045 13.50 | 0.01425

Figure 4 shows the interaction of the risk in non-linear way. Figure 5 suggests
clinical load and the intensity of polygenic the extent to which the model can
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differentiate between validation fold as
well as Figure 6 suggests a mixture view of
genetic-clinical ~ covariance  structures.
Figure 7 is three dimensional plot of
cumulative CAD risk change by time.
Individual CAD risk probability analysis
using the assistance of scatter-density
distributions is presented in figure 8. The

way that all the results fit within the final

meta-prediction result-space is shown in
Figure 9. All these tables and figures
together can prove that integrated and
multi-modal prediction systems are far
more efficient than the traditional risk
models and may be applied to categorize
the risks of middle-aged people with a

much higher accuracy.
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Figure 4. Non-linear interaction surfaces between clinical burden and PRS intensity.
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Figure 5. Comparative model discrimination trajectories across validation folds.
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Figure 7. Three-dimensional projection of cumulative CAD risk evolution.
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Figure 8. Scatter-density mapping of individualized CAD risk probabilities.
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Figure 9. Integrated outcome space of final Al-driven meta-prediction framework.

DISCUSSION

The results of this study confirm the prior
studies that allow concluding that a
comprehensive approach that incorporates
clinical, genetic and lifestyle factors is
much superior in predicting the risk of
coronary artery disease than the
conventional methods (Riveros-Mckay et
al., 2020). Specifically, the incorporation of
polygenic risk scores developed with multi-
ancestry GWAS data into the traditional
clinical markers and the comprehensive
measurements of lifestyle were a predictive
factor and enabled the identification of the
different risk populations much easier
(Pandey et al., 2025). This hybrid method
explains the desire to use customized
polygenic risk score applications as an
effective tool to improve genetic risk
prediction (Venkatesh et al., 2025). It
further shows that age, sex, and CAD-PRSs

are the predictive factors that are broadly
used (Torkamani et al., 2023). Integrated
models that include a wide variety of forms
of information have shown better
performance in the classification of risks,
especially in comparison with models that
apply solely to clinical parameters
(Riveros-Mckay et al., 2020). Specifically,
it has been found that polygenic risk scores
alongside clinical risk estimates, including
pooled cohort estimates by the American
College of Cardiology/American Heart
Association, better predict 10-year CAD
risk compared to simple additive models,
especially, with the inclusion of the effects
of interaction (Patel et al., 2023). This
dynamic way to model takes into account
the dynamics of genetic and clinical risk
factors in individuals over time, not only
that, but CAD PRS proves useful in the
estimation of risk in individuals younger
than 55, as well (Urbut et al., 2023). These
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improvements lead to the creation of a new
multi-ancestry polygenic risk score of CAD
and a system that can then be applied to
genetic  association data of many
heterogeneous populations to expand the
polygenic risk prediction (Patel et al.,
2023). This holistic combination of genetic
data of many different ancestries has been
found to increase the strength of the
associations, and overrelate with other
published CAD polygenic scores in the
majority of validation samples (Patel et al.,
2023). The multi-ancestry polygenic risk
scores are better than the traditional clinical
risk estimators in identifying those who are
on either end of the risk spectrum. They
also influence a lot the risk classification
and can lead to better clinical decisions
(Patel et al., 2023). Moreover, it is also
crucial that this risk prediction is improved
because the typical clinical risk estimators
of CAD were initially designed to work
with the middle-aged patient population,
and they frequently fail to provide the best
outcomes in younger individuals or non-
Europeans, which highlights the role of
different genetic data (Patel et al., 2023).
Indeed, it has been demonstrated that the
previous studies have had less ability to
predict non-European populations due to
underrepresentation of the history of the
issue in the large-scale genome-wide
association (Patel et al., 2023). The

limitations are overcome by our study that

constructs a new polygenic risk score of
coronary artery disease (CAD), which is
built on a fivefold larger and more
ancestrally diverse
association study (GWAS) dataset. The

rationale behind this approach is the

genome-wide

capitalization on shared molecular
pathways to obtain greater predictions in
diverse populations (Patel et al., 2023). A
big and more varied genetic dataset is one
of the major steps in such a direction of
building polygenic scores. It not only
enables the assessment of the inherited risk
to be done far more easily but also creates
more possibilities to make the medicine
more individual ( Improving Polygenic
Score Prediction for Coronary Artery
Disease across Populations of Diverse
Ancestry, 2023). It has been an extremely
important method in the well-being of
people since the focus on determining who
is at risk of falling ill remains an important
priority before they become the bearers of
this sickness (Patel et al, 2023).
Incorporation of a polygenic risk score with
a well-calibrated score can be of great
benefit to predicting new coronary artery
disease cases especially in young
populations whose conventional clinical
risk factors may not be strong enough to be
of any use (Manikpurage et al., 2021).
However, in spite of these improvements, it
is worth remembering that as far as research

studies are conducted, the participants are
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usually healthier than the rest of the
population. It suggests that the disease risk
models need to be re-modeled so that they
can be implemented in a clinical setting
(Patel et al., 2023). Furthermore, despite the
attenuation process of polygenic risk scores
in different populations being expected
because of the variation in allele frequency
and linkage disequilibrium patterns among
the global populations, the differences
between their clinical use should provide
significant risk stratification despite the
varying genetic environments in which they
are to be used (Busby et al., 2023). Greater
research on this is therefore necessary to
conclusively stipulate the efficacy of these
multi-ancestry  polygenic cardiac risk
scores in a more extensive sample of under-
represented populations in the world to
ensure even distribution of their application
in clinical practices (Improving Polygenic
Score Prediction for Coronary Artery
Disease across Populations of Diverse
Ancestry, 2023; Patel et al., 2023). The
multi-ancestry poly-genetic scores have
been improved but they are not effective
enough among all the groups of people.
This has also been mainly attributed to the
fact that the individuals of European
descent have dominated the study of the
genomes (Patel et al., 2023; Tcheandjieu et
al., 2022). The current polygenic risk scores
have enhanced the capacity to predict
genetic risk, but even the expansion of the

European-ancestry GWAS samples may
not enhance CAD prediction (Aragam et
al., 2021). Thus, more varied ancestral
groups should be included in GWAS in the
future to make the polygenic scores even
more effective and addressing the gap in
health outcomes (Lerga-Jaso et al., 2025;
Smith et al., 2023). To address these
limitations, a multi-ancestry polygenic risk
scores framework needs to be in place to
make these predictive instruments more
specific and apply to a variety of
populations (Lerga-Jaso et al., 2025; Patel
etal., 2023).

CONCLUSION

This paper shows that multifaceted
analytical models that incorporate clinical
aindicators, polygenic risks scores and the
lifestyle of middle aged individuals are the
most admirable models of comprehending
the danger of coronary artery disease.
Results have shown that the traditional
clinical predictors like dyslipidemia, blood
pressure and glycemic indices are much
more predictive due to genetic vulnerability
and complete profile of lifestyle. Polygenic
risk scores turned out to be a very beneficial
technique of categorizing the individuals in
long-term CAD risk. They determined
high-risk persons otherwise that would
have classified as low or intermediate risk

according to standard models. The results
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confirm the hypothesis that lifestyle
practices play a great role in genetic
predisposition, and the beneficial lifestyle
habits have the power to reduce risk among
individuals with a high polygenic load. The
integrated, multimodal models usually
showed superior discrimination, stability,
and convergence compared to the single-
domain methods and this suggested that the
risk assessment of high dimensional
streams of data needed to be incorporated.
The interaction studies also showed that
there are complex and non-linear
interactions between genetic, clinical and
lifestyle factors, which highlight the
ineffectiveness of the static or linear risk
estimates models. The development of an
integration grounded on advanced analytics
and machine learning has created an
opportunity to identify tiny risk paths and
reaction patterns which are undetected
through traditional scoring methods. All of
that results in the transition towards far
more precise means of cardiovascular
prevention that cannot be implemented on a
population scale, but, instead, should be
focused on the risk profile of the specific
person. It would be a tremendous potential
to decrease the burden of coronary artery
disease and enhance the long-term
cardiovascular outcome of middle-aged
people by making the identification of the
at-risk population early and customization
of individual management plans possible.
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