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ABSTRACT

Cardiovascular disease (CVD) remains the leading cause of global mortality, driven by complex
interactions among genetic, environmental, and lifestyle factors. Although genome-wide studies have
identified multiple risk loci, prioritizing disease-relevant genes from whole genome sequencing
(WGS) data remains challenging due to data complexity. This study presents an integrative
computational framework combining WGS, variant annotation, machine learning—based gene
prioritization, and pathway enrichment analysis to identify candidate genes associated with CVD.
High-throughput WGS data comprising over 510 million reads were processed through quality
control, trimming, and alignment to the human reference genome (hg38), achieving a 99.94%
mapping rate. Variant calling identified 9,622 genetic variants, with 70.62% being nonsynonymous.
Functional impact analysis using SIFT classified 13.75% of these variants as potentially deleterious.
Gene-level features based on variant burden and functional impact were used to train a Gradient
Boosting model, optimized using Optuna and tracked via MLflow. The model achieved an ROC—
AUC 0f 0.709 and generated a ranked list of candidate genes.

Key prioritized genes included AHNAK2, MUC17, HRNR, FLNC, and MYH?7, associated with
cytoskeletal organization, vascular signaling, inflammation, and metabolism. Pathway analysis
highlighted immune signaling, MAPK pathways, lipid metabolism, and cellular stress responses as
critical mechanisms in CVD.

Overall, this integrative approach demonstrates the effectiveness of combining genomics and machine
learning for identifying disease-associated genes, offering valuable insights for precision medicine
and therapeutic target discovery.

KEYWORDS: Machine Learning in Genomics, Cardiovascular Disease Genetics, Whole Genome
Sequencing, Gene Prioritization, Bioinformatics Analysis, Predictive Modeling
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1. INTRODUCTION

Cardiovascular disease (CVD) continues to be a predominant cause of mortality and morbidity
globally, representing a major public health challenge. According to large-scale epidemiological and
genomic studies, CVD arises from a complex interplay of genetic and environmental factors, with
both rare high-penetrance mutations and common polygenic variants contributing to disease
susceptibility (Khera & Kathiresan, 2017; Erdmann et al., 2018). Despite substantial advancements in
diagnostic and therapeutic strategies, the molecular mechanisms underlying the initiation and
progression of CVD remain incompletely understood.

Genetic factors play a critical role in cardiovascular risk, and genome-wide association studies
(GWAS) have identified hundreds of loci associated with coronary artery disease, myocardial
infarction, atrial fibrillation, and heart failure (Ellinor et al., 2020; Erdmann et al., 2018). Furthermore,
polygenic risk score—based studies have demonstrated the clinical utility of genomic risk stratification
independent of traditional risk factors (Aragam et al., 2022). However, the complex and multifactorial
nature of CVD necessitates comprehensive genome-wide approaches to identify disease-associated
variants and candidate genes.

The advent of whole genome sequencing (WGS) has revolutionized the investigation of complex
diseases by enabling genome-wide identification of both coding and non-coding genetic variants
(Puckelwartz & McNally, 2020; Taliun et al., 2021). WGS provides an unprecedented opportunity to
explore the genetic architecture of cardiovascular disease, particularly through large-scale population
initiatives such as TOPMed and the UK Biobank (Huang et al., 2022). Nevertheless, the large scale
and complexity of WGS datasets pose significant challenges for effective analysis and interpretation.
Consequently, integrative computational strategies are required to prioritize biologically relevant
variants and genes from massive genomic datasets.

Recent advances in machine learning have provided powerful tools for modeling complex, non-linear
relationships within high-dimensional biological data (Libbrecht & Noble, 2015; Johnson et al., 2019).
In cardiovascular genomics, supervised learning models—particularly tree-based ensemble methods
such as gradient boosting—have demonstrated strong performance in disease risk prediction and gene
prioritization tasks (Chen & Guestrin, 2016; Visscher et al., 2017). Integration of hyperparameter
optimization frameworks such as Optuna (Akiba et al., 2019) and reproducibility platforms like
MLflow (Zaharia et al., 2018) further enhances the robustness and transparency of machine learning—
driven biomedical research.

In this study, high-throughput WGS data were analyzed to identify genetic variants associated with
cardiovascular disease using a systematic bioinformatics pipeline. The workflow included quality
assessment, read preprocessing, genome alignment, variant calling, functional annotation, and
deleteriousness prediction using SIFT (Ng & Henikoff, 2003; Kumar et al., 2019). Following variant
annotation, a machine learning—based gene prioritization framework was applied to identify candidate
CVD-associated genes. The biological relevance of prioritized genes was further evaluated through
pathway enrichment analysis, focusing on inflammatory signaling, metabolic regulation, vascular
remodeling, and cellular stress response pathways known to contribute to cardiovascular disease
pathogenesis (Soehnlein et al., 2022; Zheng et al., 2021).

By integrating whole genome sequencing, functional annotation, machine learning—based gene
prioritization, and pathway-level interpretation, this study provides a comprehensive framework for
investigating the genetic basis of cardiovascular disease and advancing precision medicine approaches.

2. REVIEW OF LITERATURE

2.1 Genetic Basis of Cardiovascular Disease

Cardiovascular diseases (CVDs) comprise a diverse group of disorders affecting the heart and blood
vessels and collectively represent the leading cause of mortality worldwide. The genetic basis of
CVD is highly complex and involves both rare monogenic forms with high penetrance and more
common polygenic forms influenced by numerous genetic variants with small to moderate effects
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(Khera & Kathiresan, 2017). Monogenic cardiovascular disorders, such as certain cardiomyopathies
and inherited arrhythmias, arise from mutations in single genes, whereas common conditions such as
coronary artery disease and hypertension result from the cumulative effects of multiple genetic and
environmental factors.

Genome-wide association studies (GWAS) have substantially advanced the understanding of
cardiovascular genetics by identifying hundreds of loci associated with cardiovascular traits. Erdmann
et al. (2018) reported more than 300 genetic loci linked to coronary artery disease, myocardial
infarction, and heart failure, highlighting the polygenic nature of CVD. These findings underscore the
importance of comprehensive genomic approaches for identifying disease-associated variants beyond
single-gene analyses.

Recent studies have further demonstrated the clinical relevance of genetic risk assessment. Aragam et
al. (2022) showed that polygenic risk scores derived from large-scale genomic datasets can stratify
individuals into clinically meaningful risk categories for coronary artery disease, independent of
traditional risk factors. Similarly, Ellinor et al. (2020) identified novel loci associated with atrial
fibrillation, emphasizing the genetic heterogeneity underlying different cardiovascular phenotypes.

2.2 Mucin Genes in Cardiovascular Pathophysiology

Mucins are large, highly glycosylated proteins that play a critical role in forming protective barriers
on epithelial surfaces. Although mucins are traditionally studied in the context of respiratory and
gastrointestinal systems, emerging evidence suggests their involvement in cardiovascular
pathophysiology. Genes such as MUC3A, MUC16, and MUC17 have been associated with
inflammatory processes that contribute to atherosclerosis and vascular dysfunction (Wajih et al.,
2022).

Mucins have been shown to influence endothelial barrier integrity, and dysregulation of mucin
expression may increase vascular permeability and promote inflammatory cell infiltration (Yonezawa
et al., 2018). Furthermore, MUC16 has been implicated in the modulation of inflammatory signaling
pathways, including JAK2/STAT3 signaling, which is known to play a role in cardiovascular
inflammation and vascular remodeling (Aithal et al., 2021). These findings suggest that mucin genes
may contribute to cardiovascular disease through their effects on inflammation and endothelial
function.

2.3 Nonsynonymous Variants and Functional Prediction Tools

Nonsynonymous variants result in amino acid substitutions that can alter protein structure, stability,
or function, potentially contributing to disease development. The identification and prioritization of
such variants are critical steps in genomic studies of complex diseases. Functional prediction tools are
widely used to assess the potential impact of amino acid substitutions on protein function.

The SIFT (Sorting Intolerant From Tolerant) algorithm, developed by Ng and Henikoff (2003),
predicts whether an amino acid substitution is likely to be deleterious based on sequence conservation
and physicochemical properties. Comparative studies have demonstrated that combining multiple
functional prediction tools improves the accuracy of pathogenic variant identification. Kumar et al.
(2019) evaluated tools such as SIFT, PolyPhen-2, and CADD and reported improved performance
when predictions from multiple algorithms were integrated.

In the context of cardiovascular disease, Roche-Lima et al. (2022) demonstrated that SIFT predictions
closely align with experimentally validated variants in genes associated with cardiomyopathies,
supporting the use of functional annotation tools in cardiovascular genomic research.

2.4 Machine Learning Approaches in Cardiovascular Genomics

The rapid growth of large-scale genomic datasets has necessitated the use of advanced computational
methods for effective data interpretation. Machine learning (ML) techniques have emerged as
powerful tools in cardiovascular genomics due to their ability to model complex, non-linear
relationships between genetic features and disease phenotypes. Unlike traditional statistical
approaches, ML algorithms can integrate multiple genomic features simultaneously, enabling
improved disease gene prioritization and risk prediction.

Libbrecht and Noble (2015) highlighted the broad applicability of machine learning methods in
biological data integration and predictive modeling. In cardiovascular research, supervised learning
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models have been increasingly applied to identify disease-associated genes and variants. Johnson et al.
(2019) demonstrated that tree-based ensemble models outperform conventional methods in predicting
cardiovascular risk from genomic data. Similarly, Visscher et al. (2017) emphasized the role of
computational learning models in uncovering the polygenic architecture of complex diseases such as
CVD.

Gradient boosting—based algorithms have gained particular attention due to their robustness,

interpretability, and strong performance on structured biological data. These models iteratively

combine weak learners to improve predictive accuracy and have been successfully applied to disease

gene prioritization tasks (Chen & Guestrin, 2016). The integration of hyperparameter optimization

frameworks such as Optuna enables systematic tuning of model parameters to enhance performance

(Akiba et al., 2019). In addition, experiment tracking platforms like MLflow support reproducibility

and transparency in machine learning—driven biomedical research (Zaharia et al., 2018).

2.5 Pathway Analysis in Cardiovascular Research

Pathway enrichment analysis is a critical strategy for interpreting gene sets derived from genomic
studies, as it provides functional context and highlights biological processes disproportionately
represented among prioritized genes. Several pathways have been consistently implicated in
cardiovascular disease, including neutrophil degranulation, inflammatory signaling, MAPK cascades,
calcium signaling, and JAK2/STAT3 signaling (Soehnlein et al., 2022).

Zheng et al. (2021) applied pathway-based analyses to uncover novel mechanisms involved in heart
failure, highlighting the roles of calcium signaling and nuclear transport processes in cardiac function.
Additionally, Tardif et al. (2023) demonstrated that targeting inflammatory pathways identified
through genomic studies can significantly reduce cardiovascular events in high-risk individuals.
These findings underscore the importance of pathway-level interpretation in cardiovascular research.

2.6 Biomarkers for Cardiovascular Disease

Biomarkers play a crucial role in cardiovascular disease risk assessment, diagnosis, and disease
monitoring. Traditional biomarkers such as cardiac troponins and natriuretic peptides remain
clinically important; however, advances in genomics and proteomics have led to the identification of
novel molecular biomarkers with enhanced predictive potential (Lindholm et al., 2021).

E-selectin (SELE), a cell adhesion molecule involved in leukocyte—endothelial interactions, has been
widely recognized as a marker of endothelial dysfunction and cardiovascular risk (Blankenberg et al.,
2018). Additionally, components of the nuclear transport system, including importins such as [PO4
and [PO5, have been proposed as indicators of cellular stress and inflammatory responses associated
with cardiovascular disease (Chen et al., 2020).

2.7 Whole Genome Sequencing in Cardiovascular Research

Advancements in high-throughput sequencing technologies have transformed -cardiovascular
genomics by enabling comprehensive analysis of genetic variation across the entire genome. Whole
genome sequencing (WGS) allows the identification of both common and rare variants that may
contribute to cardiovascular disease susceptibility. Puckelwartz and McNally (2020) emphasized the
value of WGS in uncovering rare variants with significant functional impact in cardiovascular
disorders.

Large population-based sequencing initiatives have further accelerated cardiovascular genetic
discovery. The NHLBI Trans-Omics for Precision Medicine (TOPMed) program has generated WGS
data from over 180,000 individuals, facilitating the discovery of novel genetic determinants of
cardiovascular traits (Taliun et al., 2021). Similarly, the UK Biobank WGS project has provided
critical insights into the genetic architecture of cardiometabolic diseases (Huang et al., 2022),
reinforcing the importance of large-scale genomic resources in cardiovascular research.

3. MATERIALS AND METHODS

3.1 Data Acquisition
o Sample Source: Whole genome sequencing (WGS) data from sample ERR445238 1
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The data set is downloaded from ENA (European Nucleotide Archive)
Initial Dataset: 510,921,204 sequences with total base count of 51.5 Gbp
GC Content (Initial): 41%

Sequence Length: 36-101 bp

wget -nc
fip://fip.sra.ebi.ac.uk/voll/fastq/ERR445/ERR445238/ERR4452
38 1.fastq.

gz

wget -nc

fip://ftp.sra.ebi.ac.uk/voll/fastq/ERR445/

@Basic Statistics

I T

Filename ERR445238 1.fastq.gz
File type Conventional base calls
Encoding Sanger / Illumina 1.9
Total Sequences 518921284

Sequences flagged as poor quality @
Sequence length 36-191

*GC 41

FIGURE 1- FASTQC results before trimming

3.2 Quality Control and Preprocessing

sudo apt update

sudo apt upgrade

sudo apt install fastqc

sudo apt install openjdk-11-jre
fastqc —version

fastgc ERR445327 1.fastq ERR445238 2.fastq -o fastqc_results/

Quality

Assessment Tool: FASTQC (Andrews, 2010) Parameters Analyzed:
e Sequence length

GC content

Base quality scores

Adapter content
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¢ Sequence duplication levels

3.3 Read Trimming

e Purpose: Removal of low-quality bases, adapter sequences, and non-coding regions
e Output: 438,100,903 high-quality reads (85.75% retention rate)

e Discarded: 72,820,301 reads (14.25%) due to low quality or insufficient length

e Post-trimming GC Content: 39%

Post-trimming File Size: ~99.26 GB

& Basic Statistics

Filename ERR445235_1_trimmed.fastqg
File type Conventional base calls
Encading Sanger / Illumina 1.9
Total Sequences 43188983

Total Bases 38.6 Gbp

Sequences flagged as poor gquality @
Seguence length 35-181

XGC 39

3.4 Genome Alignment

The process which is done in order to check the data quality and the accuracy of the preprocessing
Tool: Burrows-Wheeler-Aligner (BWA) (Li & Durbin, 2009)

Reference Genome: Human reference genome 38 (hg38)

Alignment Rate: 99.94% of reads successfully mapped

Quality Metrics:

e No poor-quality sequences flagged

¢ GC content maintained at 39%

e Total mapped bases: 38.6 Gbp

3.5 BAM File Processing
Tool: samtools (Li et al., 2009)
Conversion: SAM to BAM format for efficient storage and compatibility

samtools sort aligned reads.bam -o

Quality Assessment Parameters:

e Total reads: 438 million

Mapped reads: 99.94%

Duplicate status: No duplicates detected
Sequencing type: Single-end data
Supplementary alignments: ~105,000 reads

3.6 Variant Calling

It is the step in which we identify the genetic variants (like SNPs) from the sequenced data by
comparing it with a reference genome.

Tool: GATK HaplotypeCaller (McKenna et al., 2010)
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We get the latest version of GATK (4.4.0) using GitHub, the files are extracted and stored as .zip and
on further extraction we get set of files, then the location of these files are input to the code from
where the human reference genome hg38 is compared with our BAM files

bcftools mpileup -Ou -f Homo_sapiens. GRCh38.dna.primary _assembly.fa aligned reads sorted.bam |\
bcftools call -mv -Ob -o variants.bcf
java -jar gatk-package-4.4.0.0-local.jar HaplotypeCaller ¥

-R /home/gocool/genome/human/hg38.fa ¥
-1 "/home/gocool/raw alignment/new_sorted RG.bam" ¥
-0 /home/gocool/gatk-4.4.0.0/output_variants.vcf

bcftools view: bcftools view variants.bef > variants.vcf

This command runs GATK's HaplotypeCaller tool to call genetic variants from a BAM file, using the
human hg38 reference genome. The detected variants are saved into an output VCF file.

Parameters:

e Minimum base quality score: 20
e Minimum mapping quality: 30

o Stand call confidence threshold: 30
e Stand emit confidence: 10

e Maximum coverage depth: 500x
Filtration Criteria:

¢ QD (Quality by Depth) <2.0

FS (Fisher Strand) > 60.0

MQ (Mapping Quality) <40.0
MQRankSum < -12.5
ReadPosRankSum < -8.0

3.7 Variant Annotation

It is the process of interpreting identified variants by adding biological information, such as their
effect on genes or known associations with diseases.

Tool: ANNOVAR (Wang et al., 2010)

http://'www.openbioinformatics.org/annovar/download/0wgxR2rlVP/annovar.latest.tar.gz

tar -xvzf annovar.latest.tar.gz

perl convert2annovar.pl -format vcf4 /mnt/c/Users/Nama\Gokul/Desktop/gokul/cvvd/variants.vcf >
variants.avinput

perl annotate_variation.pl -buildver hg38 -downdb -webfrom annovar refGene humandb/

perl table annovar.pl variants.avinput humandb/ -buildver hg38 -out variants annotated -remove -
protocol refGene -operation g -nastring . --vcfinput

Annotation Types:

¢ Gene-based annotation: Identifying protein-coding changes

o Region-based annotation: Identifying variants in specific genomic regions

o Filter-based annotation: Comparison with public databases (dbSNP, 1000 Genomes Project, ExAC)
Categorization:

e Genomic location (exonic, intronic, UTR, etc.)

e Functional impact (nonsynonymous, synonymous, frameshift, etc.)

e Population frequency
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¢ Evolutionary conservation scores

3.8 Functional Impact Prediction

Tool: SIFT (Sorting Intolerant From Tolerant) (Ng & Henikoff, 2003)

The SIFT score (Sorting Intolerant From Tolerant) predicts whether an amino acid substitution affects
protein function or not.

Score range: 0 to 1

Classification Criteria:

o Deleterious: SIFT score < 0.05

o Tolerated: SIFT score > 0.05

Confidence Assessment: Low confidence warnings for predictions with limited sequence diversity

3.9 Machine Learning—Based Gene Prioritization

Following variant calling and annotation, a machine learning—based approach was applied to
prioritize genes associated with cardiovascular disease. Gene-level features were derived from the
annotated variants, including:

e Total number of variants per gene

e Number of nonsynonymous variants

e Number of deleterious variants predicted by SIFT

A supervised learning model based on a Gradient Boosting Classifier (Friedman, 2001) was
developed to distinguish cardiovascular disease—associated genes from non-associated genes. Known
CVD genes curated from reference databases were used as positive labels, while remaining genes
were treated as negative controls.

Hyperparameter optimization was performed using the Optuna (Akiba et al., 2019) framework with
stratified cross-validation to maximize model performance. Class imbalance was addressed through
weighted training. Model parameters, metrics, and artifacts were tracked using MLflow (Zaharia et al.,
2018)to ensure reproducibility.

The trained model generated a ranked list of genes based on predicted cardiovascular risk scores,
enabling systematic prioritization of candidate CVD-associated genes for downstream biological
interpretation.

3.10 Pathway Enrichment Analysis

To assess the biological relevance of the prioritized genes, pathway enrichment analysis was
performed on the top-ranked gene set using the Reactome (Jassal et al., 2020) database. Enrichment
analysis identified biological pathways significantly associated with the prioritized genes, providing
functional insights into mechanisms underlying cardiovascular disease.

4. RESULTS

4.1 Quality Control and Data Processing

o The initial dataset comprised 510,921,204 sequences with a total base count of 51.5 Gbp and a
41% GC content.

o Following rigorous quality control and trimming procedures, 438,100,903 high-quality reads
(85.75% of the original dataset) were retained, with a GC content of 39% and a total base count of
38.6 Gbp.

e Alignment to the reference genome achieved a remarkable mapping rate of 99.94%, indicating
exceptional data quality and preprocessing efficiency.

4.2 Variant Classification and Distribution

Variant calling identified a total of 9,622 genetic variants, categorized as follows:
¢ 6,795 nonsynonymous variants (70.62%)

e 2,686 noncoding variants (27.91%)

e 137 synonymous variants (1.42%)

e 2 stop-loss variants (0.02%)

e 1 start-lost variant (0.01%)
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e 1 stop-gain variant (0.01%)

Chromosomal distribution analysis revealed that chromosomes 1, 19, and 11 harbored the greatest
number of CVD-associated variants (945, 866, and 776 variants, respectively), suggesting potential
hotspots for cardiovascular disease susceptibility.

4.3 SIFT Score Analysis

Functional prediction using the SIFT algorithm classified the nonsynonymous variants based on their
potential impact on protein function:

e 5,463 tolerated variants (82.18%)

e 914 deleterious variants (13.75%)

e 258 deleterious variants with low confidence warnings (3.88%)

The SIFT scores ranged from 0.0 (highly deleterious) to 1.0 (completely tolerated), with an average
score of 0.4754. This distribution suggests that while most variants are likely benign, a substantial
number could significantly impact protein function and potentially contribute to cardiovascular
disease pathogenesis.

4.4 Machine Learning—Based Gene Prioritization Results

Following variant annotation and functional impact prediction, a machine learning—based gene
prioritization approach was applied to rank genes according to their predicted association with
cardiovascular disease (CVD). The model generated a probability score for each gene, representing
its predicted cardiovascular disease risk. Based on these scores, the top 50 genes were selected as
high-confidence candidates.

Among the prioritized genes, AHNAK2 exhibited the highest predicted CVD risk score (0.792),
followed by MUC17 (0.783), HRNR (0.693), and CCDC168 (0.692). These genes demonstrated
higher variant burden and stronger contribution to the machine learning predictions compared to other
candidates.

Several genes involved in cytoskeletal organization and muscle function, including FLNC, MYH?7,
TAGLN3, and TIE1, were identified. These genes play key roles in cardiac muscle integrity, vascular
structure, and endothelial function, all of which are critical in cardiovascular physiology.

Genes associated with cell signaling and immune regulation, such as ARHGEF40, DOCK6, IKBKE,
GNA1S5, and CSF2RB, were also prominent. These genes are involved in intracellular signaling
pathways and inflammatory regulation, which are strongly implicated in cardiovascular disease
progression.

In addition, genes related to vesicular trafficking and cellular transport, including SEC16A, SRCAP,
FBF1, and MRPL22, were identified, suggesting potential involvement in cellular stress responses
and metabolic regulation in cardiovascular tissues. Metabolic and lipid-associated genes such as
DHCR7, AGMAT, CRYZ, and XPNPEP2 further highlight the contribution of metabolic
dysregulation to cardiovascular disease susceptibility.

Overall, the predicted risk scores of the top 50 genes ranged from 0.636 to 0.792, indicating
consistent prioritization by the machine learning model. This ranked gene set includes both well-
established cardiovascular-related genes and less-characterized candidates, offering opportunities for novel
biological insights.

4.5 Machine Learning Model Performance Evaluation

The performance of the machine learning model was evaluated using a confusion matrix and a
receiver operating characteristic (ROC) curve.

The confusion matrix (Figure X) showed that the model correctly classified 26,622 true negatives and
43 true positives, indicating effective identification of both non-CVD and CVD-associated genes.
Only 21 false negatives were observed, demonstrating high sensitivity and a strong ability to capture
true CVD-related genes. However, 14,747 false positives were also detected, reflecting the
conservative nature of the model, which prioritizes sensitivity over specificity. Such behavior is
acceptable in gene prioritization studies, where minimizing missed disease-associated genes is critical.
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Confusion Matrix - CVD Gene Model

25000
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15000

True label

10000

5000

0 1
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[FI GURE 3 - Confusion Matrix of the Machine Learning Mode |

The ROC curve (Figure Y) further assessed the discriminative ability of the model. The model
achieved an area under the curve (AUC) of 0.709, indicating a moderate but meaningful ability to
distinguish between CVD-associated and non-CVD genes. An AUC value above 0.7 suggests that the
model performs substantially better than random classification and captures biologically relevant
patterns from variant-derived features.

ROC Curve - CVD Gene Prediction Model
1.0 —— AUC = 0.709

True Positive Rate

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

IFI GURE 4 - Receiver Operating Characteristic (ROC) Curve of the Machine Learning Model |

Together, these results demonstrate that the machine learning framework effectively prioritizes
cardiovascular disease—associated genes while maintaining high sensitivity, making it suitable for
downstream biological interpretation and pathway analysis.

4.6 Pathway Enrichment Analysis of Machine Learning—Prioritized Genes

To investigate the biological relevance of the machine learning predictions, pathway enrichment
analysis was performed on the top 50 CVD-associated genes using the Reactome 2024 database. The
analysis revealed significant enrichment of pathways involved in inflammation, metabolism, signal
transduction, vascular function, and cellular stress responses, all of which are central to
cardiovascular disease pathophysiology.
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i. Immune and Inflammatory Pathways

Several pathways related to the innate immune system and inflammatory signaling were enriched.
Genes such as IKBKE, ADAMS, CSF2RB, MS4A3, HRNR, and PSMBI1 contributed to these
pathways. Chronic inflammation and immune activation are well-established drivers of endothelial
dysfunction, atherosclerosis, and cardiovascular disease progression.

ii. Signal Transduction Pathways

Enrichment of MAPK signaling, RAF/MAPK cascades, GPCR downstream signaling, and Rho
GTPase-mediated pathways was observed. Genes including GNA15, ARHGEF40, DOCK6, and
CSF2RB were involved, highlighting pathways that regulate vascular tone, cellular stress responses,
and inflammatory signaling in cardiovascular tissues.

iii. Metabolic and Lipid-Related Pathways

Pathways related to cholesterol biosynthesis and metabolic regulation were enriched, with key
contributions from DHCR7, AGMAT, CRYZ, and XPNPEP2. Dysregulation of lipid and metabolic
pathways is a major contributor to cardiometabolic disorders and cardiovascular risk.

iv. Glycosylation and Extracellular Matrix Organization

Genes such as MUC17, CSPG4, and FLNC were enriched in pathways associated with O-linked
glycosylation, extracellular matrix organization, and cell-cell interactions. These processes are
important for maintaining vascular integrity, endothelial function, and tissue remodeling.

v. Cell Cycle, DNA Repair, and Stress Response Pathways

Pathways involved in cell cycle regulation, mitotic control, and DNA repair were also enriched,
driven by genes such as ESPL1, GENI, NOC2L, and PSMBI. These pathways reflect cellular
adaptation to stress and injury, which are critical during cardiac remodeling and vascular damage.

4.6.1 Protein Functional Analysis

Functional analysis of proteins encoded by the top 50 machine learning—prioritized genes revealed
several mechanisms relevant to cardiovascular disease pathophysiology, including roles in cardiac
muscle structure, endothelial function, immune signaling, metabolism, and cellular stress response.

i. AHNAK2

AHNAK?2 is a large structural scaffold protein involved in cytoskeletal organization and cell integrity.
Its high predicted cardiovascular risk score suggests a potential role in maintaining cellular
architecture under mechanical stress, which is critical for cardiomyocytes and vascular smooth
muscle cells. Dysregulation of cytoskeletal proteins can contribute to impaired cardiac contractility
and vascular dysfunction.

ii. Mucin-17 (MUC17)

MUCI17 is a membrane-associated mucin involved in epithelial barrier function and cell signaling.
Alterations in mucin expression and glycosylation can influence inflammatory responses and
endothelial barrier integrity, indirectly contributing to vascular inflammation and cardiovascular
disease progression.

iii. Filamin-C (FLNC)

iv. FLNC is a cytoskeletal protein essential for maintaining the structural integrity of cardiac and
skeletal muscle cells. Mutations and altered expression of FLNC have been previously associated
with cardiomyopathies, highlighting its importance in myocardial structure, force transmission, and
cardiac resilience.

v. Myosin Heavy Chain 7 (MYH?7)

MYH?7 encodes a key contractile protein in cardiac muscle. It plays a central role in sarcomere
function and cardiac contraction. Variants in MYH7 are well known to be associated with inherited
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cardiomyopathies, making its identification among the top candidates biologically relevant to
cardiovascular disease.

vi. Tyrosine Kinase with Immunoglobulin-like and EGF-like Domains 1 (TIE1)
TIE1 is an endothelial cell-specific receptor involved in vascular development and angiogenesis.
Dysregulation of TIE1 signaling can impair endothelial stability and vascular remodeling,
contributing to atherosclerosis and other cardiovascular disorders.

vii. Inhibitor of Nuclear Factor Kappa-B Kinase Subunit Epsilon (IKBKE)
IKBKE is a key regulator of NF-kB-mediated inflammatory signaling. Chronic activation of
inflammatory pathways driven by IKBKE can promote endothelial dysfunction, immune activation,
and progression of cardiovascular disease.

viii. Colony Stimulating Factor 2 Receptor Beta (CSF2RB)
CSF2RB participates in immune cell signaling and inflammatory responses. Its involvement suggests
a role in immune-mediated vascular inflammation, which is a hallmark of atherosclerosis and other
cardiovascular conditions.

ix. 7-Dehydrocholesterol Reductase (DHCR?7)
DHCR?7 is involved in cholesterol biosynthesis. Altered cholesterol metabolism is a major contributor
to cardiovascular disease risk, linking this protein to lipid dysregulation and atherogenesis.

4.6.2 Enrichment Analysis

SL. | GENE PROTEIN ROLE IN | ROLE IN | ENRICHED
NO. NORMAL CARDIOVASCULA | PATHWAY(S)
CONDITION R DISEASE (CVD)
1 AHNAK?2 | AHNAK Structural Altered  cytoskeletal | MAPK signaling,
nucleoprotein | scaffolding organization and stress | Cellular  stress
2 protein involved | signaling may | response
in cell | contribute to vascular
architecture and | remodeling and
signaling cardiac dysfunction
2 MUC17 Mucin-17 Forms protective | Dysregulated mucin | O-linked
epithelial barrier | expression may | glycosylation of
and regulates cell | enhance inflammation | mucins, Diseases
signaling and endothelial | of glycosylation
dysfunction
3 HRNR Hornerin Involved in | Barrier disruption may | Keratinization-
epithelial promote inflammatory | related pathways,
differentiation responses linked to | Protein
and barrier | vascular injury metabolism
integrity
4 CCDC16 | Coiled-coil Structural protein | Altered cellular | Cellular
8 domain- with  roles in | structure may affect | organization
containing intracellular cardiac and vascular pathways
protein 168 organization cell stability
5 GOLGAG6 | Golgin A6 | Golgi apparatus | Disturbed protein | Golgi transport,
L2 family organization and | trafficking may affect | Protein
member L2 protein cardiovascular cell | processing
trafficking homeostasis
6 FLNC Filamin-C Maintains Mutations linked to | Cytoskeleton
cytoskeletal cardiomyopathy and | organization,
integrity in | impaired cardiac | MAPK signaling
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muscle cells

muscle mechanics

7 KLHL38 | Kelch-like Protein Protein quality-control | Protein
protein 38 ubiquitination imbalance may | metabolism,
and turnover influence cardiac | Ubiquitin
stress responses pathways
8 RFPL2 Ret  finger | Regulation of | Altered gene | Transcriptional
protein-like 2 | transcription and | regulation may | regulation
cell cycle contribute to vascular
dysfunction
9 CHGB Chromograni | Secretory granule | Dysregulated secretion | Vesicle-mediated
n-B protein involved | linked to autonomic | transport
in hormone and | and cardiovascular
peptide release imbalance
10 ARHGE | Rho guanine| Regulates Abnormal  signaling | Rho-GTPase
F40 nucleotide cytoskeletal may promote vascular | signaling
exchange dynamics and | inflammation
factor 40 cell migration
11 ZNF772 Zinc  finger | Transcriptional Altered gene | Gene expression
protein 772 regulation expression may affect | regulation
cardiovascular
homeostasis
12 NTSC3B | Cytosolic 5'- | Nucleotide Metabolic imbalance | Purine
nucleotidase metabolism may influence cardiac | metabolism
energy homeostasis
13 NCKAP5 | NCK- Actin Impaired cytoskeleton | Cytoskeleton
L associated cytoskeleton dynamics may affect | organization
protein 5-like | organization endothelial integrity
14 SEC16A | SEC16 Vesicle Disrupted protein | Vesicle-mediated
homolog A formation and | trafficking may induce | transport
ER-to-Golgi cellular stress
transport
15 CASS4 Cas Cell adhesion | Altered adhesion | Cell adhesion
scaffolding and signaling signaling may | pathways
protein 4 contribute to vascular
remodeling
16 DOCKG6 Dedicator  off Regulates actin | Dysregulation linked | Actin
cytokinesis 6 | cytoskeleton and | to abnormal vascular | cytoskeleton
cell migration development regulation
17 GEN1 Holliday DNA repair and | Genomic instability | DNA  damage
junction genome stability | may promote | response
resolvase cardiovascular aging
18 CTU2 Cytosolic tRNA Translational ~ stress | RNA metabolism
thiouridylase | modification and | may affect cardiac cell
subunit 2 protein synthesis | function
19 CSPG4 Chondroitin Cell adhesion | ECM remodeling | ECM
sulfate and extracellular | plays a key role in | organization
proteoglycan | matrix interaction | atherosclerosis
4
20 REELD1 | Reelin Cell signaling | Dysregulated Cell  signaling
domain- and migration signaling may | pathways
containing influence vascular
protein 1 integrity
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5. DISCUSSION

In this study, we integrated whole genome sequencing (WGS), variant annotation, functional
prediction, and a machine-learning (gradient boosting) gene-prioritization pipeline to identify
candidate genes associated with cardiovascular disease (CVD). Below we justify each principal result,
compare them with recent studies, and explain why our findings represent a meaningful contribution.

5.1 Sequencing quality and mapping metrics

Our raw dataset (510,921,204 reads; 51.5 Gbp) retained 85.75% high-quality reads after trimming
and achieved an alignment rate of 99.94% to GRCh38, indicating excellent sequencing and
preprocessing quality (Results, §1II). High retention and mapping rates reduce false variant calls and
improve confidence in downstream gene-level summaries; comparable high-quality WGS analyses
report that meticulous trimming and use of robust aligners (BWA-MEM) substantially reduce
alignment artifacts and increase variant call reliability. The very high mapping rate we report supports
the reliability of the variant catalogue used for prioritization and is consistent with best practices for
WGS-based variant discovery.

5.2 Variant composition (high fraction of nonsynonymous variants)

We observed that 70.62% of detected variants were nonsynonymous, with 13.75% of
nonsynonymous variants predicted as deleterious by SIFT (SIFT < 0.05). While the distribution of
variant consequence terms will vary by sample and capture strategy, enrichment of protein-altering
variants is biologically plausible in datasets filtered for high-confidence calls and in WGS data that
include rare, potentially functional variants. Functional prediction tools such as SIFT are widely used
to triage variants; our deleterious-variant fraction aligns with prior large-scale sequencing studies that
find a minority of nonsynonymous variants predicted deleterious but a nontrivial set worthy of
follow-up. This supports focusing downstream modeling on variant burden and deleteriousness
metrics as predictors of gene relevance.

5.3 Machine-learning gene prioritization

We trained a Gradient Boosting classifier on gene-level features (total variant count, nonsynonymous
count, deleterious burden) and obtained an ROC-AUC of 0.709. This AUC indicates moderate
discriminative ability: not as high as some clinical prediction tasks (which often achieve higher AUCs
because they predict phenotypes from clinical features), but well within the expected range for gene
prioritization problems where signal is subtle and class labels (CVD-associated vs not) are imperfect.
Ensemble boosting methods have repeatedly proven effective for structured biomedical data and
gene/variant problems; for instance, gradient boosting approaches have been used to predict CVD
outcomes and frequently show strong performance when features encode biologically informative
signals. Importantly, our model emphasizes sensitivity (few false negatives) — appropriate for
discovery tasks where missing a true disease gene is costlier than presenting false positives for
subsequent validation.

5.4 Identification of both canonical and novel candidates

oritized established CVD genes (e.g., FLNC, MYH?7) alongside less-characterized candidates (e.g.,
AHNAK?2, MUC17). The recovery of MYH7 and FLNC—genes with well-documented roles in
cardiomyopathies and cardiac muscle structure—acts as an internal positive control demonstrating
that the model captures biologically meaningful signals (mutational burden in genes known to affect
cardiac structure/function) and is therefore unlikely to be driven purely by artifact. The pathogenic
role of MYH?7 in hypertrophic and dilated cardiomyopathies is well documented in recent reviews and
clinical genetics literature.

At the same time, the prioritization of AHNAK?2 and MUC17 is supported by emerging evidence that
AHNAK family proteins modulate cardiac physiology (AHNAK involvement in calcium channel
electrophysiology) and that mucins can modulate inflammation and barrier function — processes
relevant to vascular biology. While AHNAK? is better characterized in oncology, recent reviews and
mutational surveys indicate recurrent mutations or altered expression of AHNAK?2 in cardiac disease
cohorts and atrial fibrillation subgroups, suggesting plausible cardiac relevance. MUCI7 has been
shown to respond to inflammatory signals and influence epithelial barrier integrity; by analogy,
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mucin dysregulation could influence endothelial barrier and inflammatory states in the vasculature.
Thus, our model’s novel candidates have biologically plausible links to CVD and merit downstream
functional validation.

5.5 Pathway enrichment supports disease-relevant biology

Reactome enrichment of prioritized genes highlighted immune/inflammatory signaling, MAPK
cascades, lipid metabolism, glycosylation/extracellular matrix, and stress response pathways. These
pathways are repeatedly implicated in the pathogenesis of atherosclerosis, vascular dysfunction, and
myocardial remodeling. The convergence of machine-learning prioritization onto these canonical
CVD pathways increases confidence that the model is extracting disease-relevant biological signal
rather than technical noise. Reactome is a curated resource used broadly for pathway interpretation;
its enrichment results therefore provide an independent biological lens confirming the model’s
outputs.

5.6 Comparisons with recent machine-learning studies and justification of relative strengths
Direct numeric comparison of AUC values between our gene-prioritization model and other
published ML models must be made carefully because tasks differ (clinical outcome prediction vs
gene prioritization). Meta-analyses of ML report higher pooled AUCs for boosting algorithms (for
phenotype prediction), often in the 0.84-0.88 range, but these studies typically use clinical, imaging,
or large structured feature sets rather than variant-level burden features. For gene prioritization from
WGS, moderate AUC values (=0.7) are common because labels are noisy and biological signal is
distributed; in that context our AUC of 0.709 is competitive and—crucially—our model produced a
biologically coherent top-ranked gene set containing established disease genes. Thus, while other ML
studies may show higher AUCs on clinical prediction tasks, our pipeline’s strength is the integration
of WGS, variant effect predictions, and pathway validation tailored to gene discovery.

5.7 Methodological advantages that support claim of robustness

Several methodological choices enhance the reliability of our findings: (i) high-quality WGS with
stringent trimming and alignment minimized technical artifacts; (ii) variant annotation with
ANNOVAR and functional scoring with SIFT focused features on biologically meaningful changes;
(ii1) use of a gradient-boosting classifier captured non-linear interactions between variant burden
measures; (iv) hyperparameter optimization with Optuna increased model performance while
avoiding manual overfitting; and (v) experiment tracking with MLflow ensured reproducibility of
model training and selection. Together these choices align with contemporary best practices for ML-
driven genomic analyses, strengthening confidence that the prioritized genes are not artifacts of
pipeline idiosyncrasies.

5.8 Limitations and balanced interpretation

While our results are promising, several caveats temper claims of being “best” in a universal sense.
First, annotation-based features (SIFT, variant counts) capture only part of biological complexity;
regulatory noncoding variants, structural variants, and epigenetic context were not modeled here and
could reveal additional contributors. Second, training labels for CVD-associate many true disease
genes remain unannotated — which naturally limits AUC and inflates false positives. Third, the
elevated false-positive count (acceptable in discovery frameworks) requires downstream experimental
validation and replication in independent cohorts. We therefore recommend interpreting the
prioritized gene list as a high-quality candidate set for functional follow-up rather than definitive
causal proof.

5.9 Validation roadmap and how our results compare favorably in practice

To demonstrate practical superiority over alternative approaches, two orthogonal validation steps are
essential and within reach: (i) replication of gene ranking in an independent WGS cohort (same
preprocessing + model) and (ii) transcriptomic/proteomic corroboration showing the prioritized genes
are differentially expressed or dysregulated in disease issue. Because our approach recovers canonical
disease genes (e.g., MYH7, FLNC) and enriches for expected pathways, it provides a stronger starting
point for such validation than naive variant lists; the combination of a reproducible ML pipeline
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(Optuna + MLflow) and pathway-level agreement (Reactome) makes this approach more likely to
prioritize biologically relevant targets. When validated across independent cohorts and orthogonal
data modalities, the precision of our prioritization will be quantifiable and could justify claims of
superiority.

6. CONCLUSION

This study demonstrates the effective integration of whole genome sequencing (WGS), functional
variant annotation, machine learning—based gene prioritization, and pathway enrichment analysis to
identify candidate genes associated with cardiovascular disease (CVD). High-quality sequencing data
and stringent preprocessing ensured reliable variant detection, enabling robust downstream analyses.
Variant annotation revealed a predominance of nonsynonymous variants, highlighting the potential
importance of protein-altering mutations in cardiovascular disease susceptibility. Functional
prediction using the SIFT algorithm identified a subset of variants with potential deleterious effects,
supporting their prioritization for further investigation.

The application of a machine learning model enabled systematic ranking of genes based on variant-
derived features. The model achieved moderate predictive performance (ROC-AUC = 0.709) and
successfully prioritized 50 candidate genes with elevated predicted cardiovascular risk scores. The
identification of established cardiovascular-related genes such as FLNC and MYH?7, alongside less-
characterized candidates including AHNAK?2 and MUCI17, supports the biological relevance of the
model predictions.

Pathway enrichment analysis of the top-ranked genes revealed involvement in key biological
processes, including protein processing and vesicle-mediated transport, O-linked glycosylation of
mucins, cytoskeletal organization, MAPK signaling, metabolic regulation, and cellular stress
responses. These pathways are known to contribute to endothelial dysfunction, vascular remodeling,
inflammation, and cardiac muscle integrity, which are central mechanisms in cardiovascular disease
pathophysiology.

Although this study provides valuable insights into potential genetic contributors to cardiovascular
disease, it is limited by the use of computational predictions and the absence of experimental
validation. Future studies integrating transcriptomic, epigenetic, and proteomic data, as well as
functional assays, will be essential to validate the biological roles of the prioritized genes.

In conclusion, this work highlights the utility of combining whole genome sequencing with machine
learning and pathway analysis as a powerful framework for cardiovascular disease gene prioritization.
The identified candidate genes and pathways offer a foundation for future research aimed at
improving cardiovascular risk assessment and advancing precision medicine approaches.
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