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Abstract

Conventional cardiovascular risk calculators rely on static clinical variables that fail to capture the dynamic, 
multi-layered physiological alterations driving Major Adverse Cardiovascular Events (MACE). This paper 
introduces a novel, clinical-grade hybrid systems cardiology framework that continuously stratifies risk and 
guides precision preventive interventions. By combining high-throughput plasma proteomics, single-cell 
multi-omics (scRNA-seq and scATAC-seq), polygenic risk scores (PRS), and continuous physiological streams 
from medical-grade wearable biosensors, the framework constructs a dynamic digital twin of an individual's 
cardiovascular network.

These heterogeneous data layers are processed through an Explainable Machine Learning (XML) pipeline 
utilizing deep neural networks alongside Shapley Additive exPlanations (SHAP). This pipeline provides 
interpretable, feature-level risk attributions that uncover occult atherothrombotic activity long before clinical 
symptoms present.
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Introduction
Cardiovascular diseases (CVD) remain the primary 
cause of death worldwide, presenting a major challenge 
to healthcare systems [1]. For decades, preventive 
cardiology has depended on clinical risk scores such as 
the Framingham Risk Score, the European Systematic 
Coronary Risk Evaluation (SCORE2), and the AHA/
ACC Pooled Cohort Equations [2,3]. While useful for 
population-level screening, these risk models exhibit 
notable limitations when applied to individual patients. 
They rely on static, slowly changing clinical metrics—
such as age, biological sex, total cholesterol, blood 
pressure, and smoking status—which often overlook 
the underlying molecular and cellular mechanisms 
of atherothrombosis [4]. Consequently, a significant 
portion of patients categorized as "low or intermediate 
risk" experience unexpected myocardial infarction or 
stroke, while others at "high risk" remain event-free 
for decades [5].

To address these gaps, contemporary medicine is 
shifting toward systems biology approaches. This 
paradigm views the cardiovascular network not as a 
collection of isolated risk factors, but as a dynamic 
system governed by complex genetic, molecular, and 
environmental interactions [6]. The emergence of 
high-throughput multi-omics now allows clinicians 
to evaluate an individual's physiology across multiple 
dimensions. This ranges from fixed genetic risks 
identified through Polygenic Risk Scores (PRS) 
to dynamic molecular changes tracked by plasma 
proteomics and cellular landscapes mapped via single-
cell multi-omics [7,8].

Concurrently, medical-grade wearable biosensors 
provide continuous, real-time data on physiological 
responses to daily stressors, capturing transient 
arrhythmias, autonomic dysfunction, and blood 
pressure variability that standard clinical visits miss 
[9].

Integrating these large, heterogeneous datasets 
requires advanced computational methods. Traditional 
machine learning (ML) models often act as "black 
boxes," offering high predictive accuracy but lacking 
the clinical transparency needed to guide medical 
decisions or ensure patient safety [10]. Explainable 
Machine Learning (XML) bridges this gap by 
providing accurate risk predictions along with clear, 
feature-level explanations for why a specific patient 

is at risk [11].

This paper details a hybrid systems cardiology 
framework that integrates plasma proteomics, single-
cell multi-omics, PRS, and continuous wearable 
biosensor data through an XML pipeline. The primary 
objective is to replace static risk assessment with a 
dynamic, interpretable, and highly personalized system 
for preventing Major Adverse Cardiovascular Events 
(MACE).

The Multi-Layered Data Acquisition Architecture
Genomic Layer: High-Resolution Polygenic Risk 
Scores (PRS)
The foundational layer of the framework establishes an 
individual's inherited genetic susceptibility to coronary 
artery disease (CAD), ischemic stroke, and peripheral 
artery disease. Unlike monogenic mutations, which 
carry high penetrance but occur rarely, polygenic risk 
is determined by summing the small effects of millions 
of common single-nucleotide polymorphisms (SNPs) 
across the entire genome [12].

PRS_i = \sum_{j=1}^{M} \beta_j \cdot X_{ij}
Where PRS_i is the polygenic risk score of individual 
i, M is the total number of included SNPs, \beta_j 
represents the log-odds ratio or effect size of allele j 
derived from large-scale Genome-Wide Association 
Studies (GWAS), and X_{ij} (X_{ij} \in \{0, 1, 2\}) 
is the number of risk alleles carried by individual i at 
locus j [13]. This framework utilizes genome-wide 
scores optimized for ancestral diversity, addressing 
historical disparities in genomic databases [14]. The 
resulting score is converted into an ancestry-adjusted 
percentile that remains stable throughout the patient's 
lifetime, serving as the baseline liability model upon 
which all dynamic molecular layers are superimposed.
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Proteomic Layer: High-Throughput Plasma Proteomics
While the genome reflects potential risk, the proteome reflects current physiological state. This framework 
integrates high-throughput plasma proteomics quantified via proximity extension assays (PEA) and aptamer-
based platforms, tracking more than 3,000 proteins linked to cardiovascular homeostasis [15]. This layer focuses 
on specific molecular pathways:
•	 Vascular Inflammation: Interleukin-1$\beta$ (IL-1$\beta$), Interleukin-6 (IL-6), high-sensitivity C-reactive 

protein (hs-CRP), and Tumor Necrosis Factor Receptor 1 (TNFR1) [16].
•	 Endothelial Dysfunction & Remodeling: Matrix Metalloproteinases (MMP-1, MMP-9), Tissue Inhibitor 

of Metalloproteinases (TIMP-1), and Growth Differentiation Factor 15 (GDF-15) [17].
•	 Metabolic & Atherogenic Substrates: Apolipoprotein B (ApoB)/Apolipoprotein A1 (ApoA1) ratios, 

Lipoprotein(a) [Lp(a)], and proprotein convertase subtilisin/kexin type 9 (PCSK9) [18].
•	 Myocardial Strain & Fibrosis: N-terminal pro-b-type natriuretic peptide (NT-proBNP), high-sensitivity 

cardiac Troponin T/I (hs-cTnT/I), and Soluble Suppression of Tumorigenicity 2 (sST2) [19].
By quantifying these circulating proteins, the framework captures real-time vascular wall inflammation and 
plaque instability before macroscopic structural changes become visible on traditional imaging.

Cellular Layer: Single-Cell Multi-Omics
To understand the cellular mechanisms driving vascular disease, the framework incorporates single-cell RNA 
sequencing (scRNA-seq) and single-cell Assay for Transposase-Accessible Chromatin sequencing (scATAC-
seq) from peripheral blood mononuclear cells (PBMCs). It also utilizes vascular tissue biopsy fragments when 
clinically indicated [20]. This single-cell multi-omics layer tracks cellular phenotypes with high resolution:

As illustrated above, the multi-omics approach maps molecular networks directly to cellular behavior. Within 
this framework, single-cell analysis focuses on three main phenomena:
•	 Monocyte-Macrophage Polarization: Tracking the ratio of pro-inflammatory M1-like monocytes to pro-

resolving M2-like subsets within the circulation, providing insight into systemic inflammatory status [21].
•	 Clonal Hematopoiesis of Indeterminate Potential (CHIP): Identifying somatic mutations in hematopoietic 

stem cells—specifically within DNMT3A, TET2, and ASXL1—which accelerate atherogenesis through 
inflammatory pathways [22].

•	 Endothelial-to-Mesenchymal Transition (EndMT): Assessing transcriptional programs that indicate loss 
of endothelial integrity and transition toward a pro-calcific, fibroblastic state [23].
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Biophysical Layer: Continuous Wearable Biosensor 
Streams
To complement molecular metrics, the framework 
collects continuous biophysical data via medical-
grade wearable biosensors. This layer records real-
time physiological responses to daily environments, 
physical activity, and sleep architectures [24]. 
Collected metrics include:
•	 Photoplethysmography (PPG): Analyzed 

continuously to determine Heart Rate Variability 
(HRV) metrics, specifically the root mean square 
of successive differences (RMSSD) and the ratio 
of low-to-high frequency power (LF/HF), which 
serve as proxies for autonomic nervous system 
tone [25].

•	 Continuous Patch-ECG: Tracks micro-
arrhythmic burdens, such as subclinical atrial 
fibrillation loads and frequent premature 
ventricular contractions (PVCs), while monitoring 
transient, non-positional ST-segment depressions 
that suggest occult myocardial ischemia [26].

•	 Cuffless Continuous Blood Pressure Monitors: 
Evaluates nocturnal dipping patterns and blood 
pressure variability (BPV), both established risk 
factors for hemorrhagic and ischemic stroke [27].

The Hybrid Explainable Machine Learning (XML) 
Pipeline
Data Fusion and Temporal Alignment
A major technical challenge in systems cardiology is 
fusing high-dimensional, multi-modal data collected 
at varying temporal frequencies. Genetic data (PRS) is 
collected once; single-cell multi-omics and proteomics 
are sampled longitudinally at regular intervals (e.g., 
every 6–12 months); and wearable biometric data 
streams arrive continuously at sample rates between 
1 Hz and 250 Hz.

To reconcile these differences, the framework uses a 
deep multi-view architecture. Continuous biophysical 
signals are processed through a Long Short-Term 
Memory (LSTM) network or a Temporal Convolutional 
Network (TCN) to extract daily, weekly, and monthly 
statistical features (such as circadian rhythms and 
heart rate recovery kinetics) [28]. These time-series 
features are concatenated with the static genomic 
vector and the high-dimensional proteomic-cellular 
matrices. Missing values are imputed using a k-Nearest 
Neighbors (k-NN) algorithm optimized for multi-omic 
datasets, and batch effects across omic processing runs 

are corrected using the ComBat algorithm [29].

Machine Learning Architecture for MACE Prediction
The combined feature matrix feeds an ensemble machine 
learning architecture consisting of Extreme Gradient 
Boosting (XGBoost) and deep feedforward neural 
networks with multi-head self-attention mechanisms 
[30]. The model is trained to predict the probability of 
a MACE (defined as cardiovascular death, non-fatal 
myocardial infarction, or non-fatal stroke) within 1-year 
and 5-year windows.

The attention mechanism calculates attention weights 
across different input modalities, allowing the model 
to focus on specific proteomic markers or biophysical 
anomalies based on the patient's genetic background:
Attention(Q, K, V) = softmax\left(\frac{QK^T}{\
sqrt{d_k}}\right)V
Where the queries (Q), keys (K), and values (V) 
represent transformations of the multi-omic and 
biophysical feature vectors, and d_k represents the 
scaling dimensionality of the key vectors [31].

Explainability Engine via Shapley Additive 
exPlanations (SHAP)
To ensure clinical utility, the model incorporates Shapley 
Additive exPlanations (SHAP), a game-theoretic 
approach that calculates the exact contribution of each 
feature to an individual patient's risk prediction [32].

As shown in the technical workflow above, the pipeline 
translates complex ensemble predictions into identifiable 
feature attributions. The local attribution value (SHAP 
value, \phi_i) for a given feature i is calculated as:
\phi_i(x) = \sum_{S \subseteq F \setminus \{i\}} \frac{\
vert{}S\vert{}!(\vert{}F\vert{} - \vert{}S\vert{} - 1)!}
{\vert{}F\vert{}!} \Big[ f_x(S \cup \{i\}) - f_x(S) \Big]
Where F is the complete set of all features, S is a subset 
of features excluding feature i, and f_x(S) is the model's 
expected prediction given the feature values in S [33]. 
This approach ensures that the sum of SHAP values 
across all features equals the difference between the 
patient's specific risk score and the baseline population 
risk score, giving clinicians clear visibility into the 
primary drivers of cardiovascular risk.

Clinical Translation and Personalized Preventive 
Interventions
The clinical workflow translates SHAP outputs into 
targeted, mechanism-based interventions. Rather than 
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prescribing broad therapeutic classes based on generic risk percentiles, therapies are matched directly to the 
identified molecular or biophysical drivers.

Primary Risk Driver 
(SHAP Identified)

Molecular/Biophysical 
Signature

Targeted Precision 
Intervention

Vascular Inflammation Pathway Elevated IL-1$\beta$, IL-6, hs-
CRP; M1 monocyte polarization

Low-dose Colchicine; targeted 
anti-cytokine therapies [34,35]

High Genomic Substrate + 
Plaque Instability

High PRS percentile, 
elevated MMP-9, circulating Lp(a)

Intensive LDL-C lowering via 
PCSK9 inhibitors; specialized 
Lp(a)-lowering therapeutics 
[36,37]

CHIP-Driven Atherogenesis TET2 or DNMT3A somatic clonal 
mutations in PBMCs

Aggressive lifestyle modifica-
tions; NLRP3 inflammasome 
inhibitors [38]

Autonomic & Ischemic Stress Reduced RMSSD, blunted Heart 
Rate Recovery, transient ST depres-
sions

Autonomic modulation (be-
ta-blockade); stress reduction; 
prompt coronary imaging [39,40]

Discussion and Future Directions
The integration of multi-omics, wearable biosensors, and explainable machine learning represents a meaningful 
shift from reactive cardiology to a proactive systems-based approach. By building a digital twin that updates 
with new clinical data, this framework captures the complex biological paths that lead to cardiovascular events.

However, several challenges remain before widespread clinical implementation can occur. First, the cost of 
high-throughput proteomics and single-cell multi-omics sequencing limits availability in standard clinical 
environments [41]. While sequencing costs continue to decline, clear cost-effectiveness analyses are needed 
to demonstrate that early, targeted interventions reduce long-term hospitalization and intensive care costs.

Second, managing continuous data streams from wearable devices introduces technical challenges regarding 
data standardization, privacy, and clinical signal noise [42]. Standardizing interoperability across different 
vendor platforms is essential for maintaining data integrity.
Finally, clinical validation through large-scale, prospective randomized controlled trials is required to confirm 
that managing patients via XML-guided multi-omic metrics improves hard clinical outcomes compared to 
standard care [43]. Future research should focus on refining multi-omic integration algorithms, improving 
the usability of SHAP dashboards for frontline clinicians, and establishing international biobanks to represent 
diverse ancestral populations [44,45].

Conclusions
Conventional risk calculators offer a simplified view of cardiovascular disease, which is an inherently complex, 
multi-system condition. By combining plasma proteomics, single-cell multi-omics, polygenic risk scores, 
continuous wearable data, and explainable machine learning, the framework presented here provides an accurate, 
interpretable, and actionable approach to risk stratification. Transitioning away from static, population-averaged 
scores allows clinicians to implement precise, mechanism-based interventions that target the specific biological 
drivers of disease in individual patients. As digital infrastructure and multi-omic technologies mature, this 
integrated systems approach will form a core component of precision preventive cardiology, helping to reduce 
the global burden of major adverse cardiovascular events.
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