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Objectives

The objective of this project was to engineer MARS (Microbiome ASCVD Risk Simulator), a machine learning pipeline
capable of predicting a patient’s heart disease risk based solely on their gut microbiome profile:
« Goal 1: Achieve a high predictive accuracy (ROC AUC > 0.80) to ensure clinical viability.
« Goal 2: Develop an interactive, biologically accurate dietary simulation Ul to translate the Al's mathematical
findings into actionable, preventative treatments

Dietary Simulation

Pharmacodynamic Logic: MARS is not just a passive diagnostic tool; it features a
live biological simulation layer. When a clinician prescribes a High Fiber Plant Based
diet in the dashboard, the algorithm mathematically simulates the starvation of
disease causing TMAO producers. Because the inflammatory "fire" has been put
out, the logic allows the compensatory SCFA bacteria to safely return to a normal
baseline.

Real Time Results: As the gut composition shifts in the simulation, the Random
Forest algorithm dynamically recalculates the patient's overall ASCVD risk, allowing
doctors to visually prove to patients exactly how a change in diet will lower their
chances of a heart attack.

Introduction

Atherosclerotic cardiovascular disease (ASCVD) remains the leading cause of death in the
United States. The disease develops as lipid-rich plague accumulates within arterial walls,
triggering a chronic inflammatory cascade that can progress silently for decades before a
clinical event occurs. Current risk assessment relies largely on lipid panels and pooled
cohort equations, which capture downstream metabolic consequences rather than upstream
drivers, and often identify patients only after substantial arterial damage has accrued.

A growing body of evidence implicates the gut microbiome in this process. Dysbiosis — an
Imbalance in microbial community composition — has been linked to systemic inflammation,
altered bile acid metabolism, and the production of atherogenic metabolites such as
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The Biological Link: Emerging research indicates that the gut microbiome plays a . oo ol
foundational role in cardiovascular health. Gut dysbiosis directly drives systemic arterial
inflammation through specific metabolic pathways:

- Pathogenic Metabolites: Certain risk associated bacteria metabolize dietary choline
and carnitine (found heavily in red meat) into TMAO (Trimethylamine N-oxide), a
compound proven to actively accelerate plaque formation.

. Protective Metabolites: Conversely, healthy bacteria ferment plant fibers into SCFAs
(Short Chain Fatty Acids), which protect the arterial walls by reducing inflammation.

ROC curve (AUC = 0.87)

Conclusion

This project successfully bridged data science and microbiology to engineer MARS. By
filtering complex metagenomic data down to just 50 highly predictive microbial features,
the machine learning pipeline achieved an 87% diagnostic accuracy rate. Furthermore,
by translating those mathematical findings into an interactive software application, this
project successfully transformed a raw Al algorithm into a preventative medical tool.
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Clinical Threshold Calibration: Standard machine learning models default to a 50% probability cutoff, which
prioritizes overall accuracy but can result in dangerous false negatives in a medical setting. To optimize MARS for
clinical safety, the diagnostic threshold was manually lowered to 30%. As shown in the confusion matrices, this
engineering choice sacrificed two healthy patients to false alarms in order to successfully catch 12 out of 15 sick
patients, maximizing the model's preventative screening value.

Predictive Accuracy (ROC AUC): The optimized MARS Random Forest model achieved an excellent ROC AUC score
of 0.87. This metric proves the algorithm possesses a highly robust mathematical ability to correctly separate and

Clinical Potential: While traditional ASCVD calculators, such as the Framingham Risk
Score, rely on lipid panels that often flag risk only after metabolic changes have
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support physicians in providing proactive, preventative cardiac care.
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Future Plans

Multidimensional Risk Integration: Currently, MARS operates as a one dimensional
diagnostic tool, relying strictly on microbiome composition to make its predictions.
Future iterations will integrate traditional clinical risk factors such as age, biological
sex, BMI, and family disease history to create a fully comprehensive, multidimensional

The Computational Gap: Because the human microbiome consists of trillions of microbes
and thousands of distinct species, the sheer volume of metagenomic data is too massive
and noisy for traditional human analysis. The current gap in modern cardiology is the lack
of a preemptive, Al driven screening tool capable of decoding this complex bacterial
network to catch the disease at the microscopic level before the plaque ever forms.
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Importance to the Model

the healthy and diseased cohorts.

Methods

The Path to a 1.00 ROC AUC: While an 87% diagnostic accuracy is highly effective, the

Mann-Whitney U Test: Bacteroides vulgatus Abundance (p < 0.05) ultimate goal for clinical deployment is achieving an ROC AUC score approaching 1.00.
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