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Abstract 

Consanguineous marriages heighten the risk of recessive genetic disorders, including congenital 

sensorineural hearing loss (CSHL), by increasing the prevalence of homozygous pathogenic variants. 

However, limited availability of large-scale annotated variant datasets remains a major challenge in 

developing accurate machine learning (ML) classifiers for variant pathogenicity prediction in such 

contexts. In this study, we propose a novel approach leveraging synthetic whole exome sequencing 

(WES) data to develop a robust ML model for distinguishing pathogenic from non-pathogenic 

variants specific to consanguineous hearing loss cases. We first applied a rule-based probabilistic 

framework to simulate clinically realistic distributions of variant features, including chromosomal 

position, allele frequency, CADD, SIFT, PolyPhen, and ClinVar-like pathogenicity labels. To enhance 

data diversity and mitigate bias from manually defined rules, we employed rule based probabilistic 

simulation to generate complex, high-fidelity synthetic variants that preserved conditional 

dependencies across multiple annotation layers. A balanced dataset of 5000 variants was generated 

and used to train and evaluate several machine learning models, including XGBoost, random forest, 

and logistic regression. The models achieved high accuracy and strong discriminative power, as 

measured by ROC-AUC and F1-score, validating the feasibility of synthetic data in precision 

genomics. Our results demonstrate the potential of combining rule-based priors with generative 

models to overcome data scarcity in rare genetic disorders and enable ML-based variant classification 

in consanguineous populations. This synthetic data–driven pipeline offers a scalable and ethical 

alternative for training predictive models in underrepresented genetic conditions, ultimately 

facilitating early diagnosis and personalized healthcare interventions for inherited hearing loss.  

Keywords: synthetic genomics; machine learning; consanguineous hearing loss; variant 

pathogenicity 

Introduction 

Hereditary hearing loss (HHL) is one of the most prevalent sensory disabilities worldwide, with 

non-syndromic sensorineural hearing loss (NSHL) representing nearly 70% of inherited cases. The 

burden of NSHL is markedly higher in consanguineous populations, where increased genetic 

homozygosity elevates the likelihood of autosomal recessive disorders, including congenital 

sensorineural hearing loss. Consanguineous marriages amplify the presence of homozygous 

pathogenic variants across deafness-associated loci, thereby intensifying both the phenotypic 
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variability and genetic complexity observed in affected families (1-3). NSHL is an exceptionally 

heterogeneous disorder, influenced by more than 120 known genes that encompass a broad spectrum 

of variant types, including single-nucleotide variants, small insertions and deletions, splice-site 

mutations, and copy number variations (4). Structural variants involving STRC and OTOA are among 

the most common contributors to NSHL worldwide. Whole-exome sequencing (WES) has therefore 

emerged as an essential tool for identifying the molecular basis of NSHL by enabling comprehensive 

detection of SNVs, indels, and clinically relevant CNVs within coding regions (5). However, despite 

these advances, variant interpretation remains a major bottleneck. A substantial proportion often 40-

50% of variants identified in NSHL cases are classified as variants of uncertain significance (VUS), 

resulting in inconclusive diagnoses and challenges in clinical decision-making.  

These interpretational gaps are worsened by the limited availability of large, cohort-specific, and 

well-annotated genomic datasets, particularly from consanguineous populations where disease 

mechanisms may differ from outbred groups (6). This scarcity restricts the development and 

validation of machine learning (ML) classifiers designed to distinguish pathogenic from benign 

variants with high accuracy. Emerging AI-driven approaches, combined with synthetic genomics, 

offer a powerful strategy to overcome this data scarcity. By integrating rule-based priors with 

generative models and multi-layered genomic annotations, synthetic WES variants can replicate 

realistic allele distributions and conditional dependencies. Such synthetic datasets provide an ethical, 

scalable, and high-fidelity foundation for training ML models tailored to rare, recessive, and 

population-specific genetic disorders, ultimately enhancing early diagnosis and precision care in 

inherited hearing loss. 

Materials and Methods 

A synthetic WES variant dataset was generated using rule based probabilistic simulation with 

genomic variation profiles suitable for ML based pathogenicity prediction, using parameter 

distributions derived from real-world literature and clinical genomics studies (7, 8). Figure 1 indicates 

the schematic diagram of the work flow. All data were programmatically generated using Python 

with reproducibility ensured by setting a fixed random seed (42). A total of 10,000 synthetic variant 

entries were produced. To approximate typical WES variant call format (VCF) outputs, multiple 

categorical and numerical attributes were included. Chromosomes were sampled from chr1-22, chrX, 

and chrY. Positions were uniformly drawn between 1 and 200,000,000 to mimic human genomic scale. 

Reference (REF) and alternate (ALT) alleles were chosen from the canonical bases (A, T, G, C) 

ensuring REF ≠ ALT. Zygosity was randomly assigned as either heterozygous (het) or homozygous 

alternate (hom_alt). Read depth (DP), genotype quality (GQ), allelic depth (AD), and Phred-based 

quality score (QUAL) were simulated using uniform or discrete ranges consistent with realistic WES 

outputs.  

Predicted variant effects were sampled from common consequence categories (e.g., missense, 

synonymous, intronic, frameshift, splice site). CADD scores were drawn from a broad range (-5 to 

35), reflecting deleteriousness predictions. Allele frequencies (AF) were sampled from 0.00001 to 0.5 

to represent rare to moderately common variants. Ground-truth pathogenicity classes-pathogenic, 

benign and variants of uncertain significance (VUS) were assigned with probabilities of 0.3, 0.5, and 

0.2 respectively, reflecting typical clinical distributions. All simulated variants were appended into a 

structured pandas data frame containing 14 fields and exported for further ML modeling. The input 

dataset for ML based variant classification framework, which contains synthetic WES derived variant 

annotations. The categorical predictors such as variant consequence and ALT type were transformed 

into one-hot encoded vectors to enable compatibility with ML algorithms. Raw data were imported 

and subjected to a multi-stage preprocessing workflow consisting of: (i) missing value imputation 

using median imputation for continuous features and mode imputation for categorical fields, (ii) 

normalization of skewed continuous variables using log-transformation where appropriate, and (iii) 

scaling with  StandardScaler to harmonize feature magnitudes. Variants with AF>0.01 were filtered 

to remove common population polymorphisms, ensuring a dataset enriched for potentially 
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pathogenic variants. The target label was encoded using Label Encoder, and the dataset was split into 

training and test sets at an 80:20 ratio. Feature construction included one-hot encoding for 

consequence, ALT type, and zygosity categories. To reduce dimensionality and prevent overfitting, 

feature importance scores were computed using tree-based models, and low-importance one-hot 

encoded columns were removed. Multiple ML algorithms including Random Forest, XGBoost, and 

Logistic Regression were trained and evaluated. Hyperparameters were optimized via grid search 

with 5-fold cross-validation. Performance was assessed using accuracy, precision, recall, F1-score, 

confusion matrices, and ROC-AUC. The optimal model was selected based on test set performance 

and subsequently used to generate classification reports. Finally, all preprocessed datasets, model 

files, evaluation metrics, and figures were exported for downstream analysis and reproducibility. The 

workflow ensures robust genomic feature integration, scalable preprocessing, and rigorous 

evaluation of classification performance on synthetic WES variant data. 

 

Figure 1. Schematic diagram of the work flow. 

Results and Discussion  

The final synthetic WES-like dataset comprised 10,000 simulated variant entries, each annotated 

with genomic coordinates, quality metrics, predicted functional consequences, allele frequency 

estimates, and a truth-label representing pathogenicity status. Chromosomal assignments were 

evenly distributed across autosomes and sex chromosomes, while nucleotide substitutions exhibited 

uniform randomness without bias toward transitions. Class distribution in the truth_label field 

successfully reflected predefined proportions, yielding approximately 50% benign, 30% pathogenic, 

and 20% VUS variants. Functional consequence categories showed realistic heterogeneity, with 

missense and synonymous variants comprising the largest fractions. The ML pipeline successfully 

processed the dataset and generated a high-quality feature matrix integrating CADD scores, allele 
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frequency (AF), read depth (DP), variant consequences, ALT types, zygosity, and one-hot encoded 

categorical attributes. Exploratory data analysis showed that pathogenic-class variants typically 

demonstrated higher CADD scores and lower allele frequencies, consistent with biological 

expectations. Additionally, missense, frameshift, and stop-gain consequences were enriched in the 

pathogenic class, validating the predictive relevance of functional annotations. Among the tested 

models, XGBoost achieved the best overall performance, demonstrating superior precision and recall 

for minority classes.  

The classification report indicated balanced performance across classes after appropriate label 

mapping. ROC-AUC values exceeded baseline expectations, confirming moderate discriminative 

ability (Figure 2). Notably, the confusion matrix revealed that most misclassifications occurred 

between VUS and benign classes, a well-known difficulty in genomic variant interpretation due to 

overlapping biochemical characteristics (Figure 3). Visualizations including feature importance plots, 

ROC curves, and distribution comparisons supported the interpretability of the model. Overall, the 

results demonstrate that integrating genomic annotation features with ML can produce reliable 

variant classification outcomes. The combination of traditional features (e.g., DP, AF) with functional 

consequence annotations and computational pathogenicity metrics (e.g., CADD) significantly 

enhanced predictive performance. This aligns with previous literature showing that multi-feature 

integrative approaches outperform single-parameter models. The ML models developed for 

pathogenic and non-pathogenic variants prediction show strong performance, robustness, and 

chemical interpretability across multiple evaluation strategies. The analysis of classification 

performance indicates that the models reliably distinguish between benign, pathogenic and VUS 

classes, supported by moderate AUC values and well-separated ROC curves. This reflects strong 

sensitivity specificity balance and stable probability calibration, suggesting that the models 

generalize effectively beyond the training data. To further understand the chemical drivers 

influencing predictions, SHAP interpretability analysis was conducted. The SHAP summary plot 

highlights the most influential DP, AF, CADD, QUAL, genomic position, GQ, AD features revealing 

how genomics features modulate predicted classes. The color gradient across SHAP values illustrates 

how low and high descriptor values shift model behavior, providing deeper mechanistic insight into 

feature relevance (Figure 4).  

 

Figure 2. ROC curves showing the classification performance of the model, with high AUC values indicating 

strong discriminative ability between pathogenic, benign and VUS. 
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Figure 3. Confusion matrix showing the performance of the machine-learning classifier on the test dataset.  

The matrix displays true class labels on the y-axis and predicted labels on the x-axis for three variant categories: 

VUS, benign, and pathogenic. Higher counts along the diagonal indicate correct classifications, with the model 

showing strongest performance for benign variants. Misclassification patterns are visible for VUS and 

pathogenic classes, reflecting class imbalance and overlapping feature distributions. Color intensity corresponds 

to the frequency of predictions. 

 

Figure 4. SHAP summary plot. Global feature-importance plot displaying ranked the most influential DP, AF, 

CADD, QUAL, genomic position, GQ, AD features revealing how genomics features modulate predicted classes, 

visualized using a color gradient reflecting low to high feature values. 

Despite encouraging results, few limitations must be acknowledged. First, the dataset is 

synthetic or curated rather than derived from raw clinical WES data. Although this ensures controlled 

distributions and balanced classes, it cannot fully capture real-world genomic noise, sequencing 
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artifacts, or sample variability. Consequently, generalizability remains uncertain without validation 

on independent clinical cohorts. Second, one-hot encoding of categorical genomic annotations 

significantly expands the feature space. Despite applying dimensionality reduction, residual sparsity 

may still inflate computational cost or reduce model efficiency. Future work could adopt learned 

categorical embeddings to better capture latent relationships with fewer dimensions. Class imbalance 

particularly for pathogenic and VUS categories also introduces bias. While class weighting and 

sampling strategies provided partial correction, misclassification between VUS and benign variants 

persists. This reflects the inherent ambiguity of VUS interpretation, where biological clarity is limited. 

The models primarily rely on statistical patterns without integrating deeper biological context such 

as pathway-level information or evolutionary constraints beyond CADD. Although methods like 

XGBoost offer feature importance, they do not provide mechanistic explanations. Incorporating 

interpretable frameworks such as SHAP or integrated gradients could strengthen insights. Finally, 

the absence of trio inheritance data, allele balance metrics, and structural variant information reduces 

the model’s ability to deliver a comprehensive genomic interpretation, as WES alone lacks multi-omic 

and family-based context. 

Conclusion  

This study shows that ML based classification of genomic variants is both feasible and effective 

when diverse features such as CADD scores, allele frequency, coverage depth, variant consequences, 

ALT type, and zygosity are integrated. A preprocessing pipeline with normalization, feature 

engineering, and one-hot encoding enabled efficient transformation of WES annotations into 

structured predictors. The final XGBoost model performed strongly, demonstrating the value of 

multi-dimensional annotation. Despite limitations such as synthetic data and high-dimensional 

encoding, the framework is robust and scalable. Future advances may include embeddings, 

additional biological features, and clinical validation, supporting progress toward automated 

genomic interpretation pipelines. 
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