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 Abstract 
Background: 
The advent of advanced techniques in genomic sequencing has led to the 
discovery of several genetic variants, where most of them are still 
uncharacterized. The determination of the pathogenicity of these genetic 
variants is crucial in understanding the genetic basis of diseases such as β-
thalassemia, caused by mutations in the HBB gene. 
Objective: 
The study aims to develop a machine learning-based model for pathogenicity 
prediction and prioritizing novel variations in the HBB gene. 
Methodology: 
A dataset of 7,819 ClinVar variants, was compiled and labelled as benign or 
pathogenic. Machine learning models such as Random Forest and XGBoost 
were implemented and evaluated using techniques for handling class 
imbalance. The models were evaluated using metrics such as accuracy, ROC-
AUC, and precision-recall AUC (PR-AUC). The model that outperformed 
was then applied to the dataset of 36,099 variants in the HBB gene region. 
Result: 
The XGBoost model was better than the Random Forest model in the 
prediction of the pathogenicity of the genetic variants. The ROC-AUC and 
PR-AUC were 0.81 and 0.61, respectively. The model showed better precision 
in the prediction of the pathogenicity of the genetic variants, improving from 
0.35 to 0.49 for pathogenic variations. XGBoost was further applied to the 
dataset of the HBB gene and showed a right-skewed distribution of the 
probabilities. The model showed that the highly confident predictions (>0.97) 
were in the highly conserved regions (>7). 
Conclusion: 
The proposed model is effective in the prediction of the pathogenicity of the 
genetic variants and the prioritization of novel variations in the HBB gene. 
The model is applicable in the future in the field of genomic medicine and in 
the study of diseases. 
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INTRODUCTION 
With the advent of next-generation sequencing 
technologies, there has been a dramatic increase 
in the discovery of genetic variants in the human 
genome. Despite this, the biggest challenge in 

genomic medicine today is the interpretation of 
genetic variants, especially those for which there 
is no clear clinical significance. Several 
databases, like ClinVar[1], [2], have been 
developed to provide detailed information on 
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the pathogenicity of genetic variants[3]. Despite 
this, a considerable proportion of genetic 
variants have either unknown pathogenicity or 
lack sufficient evidence for interpretation [4]. 
Accurate prediction of the pathogenicity of 
genetic variants is essential for understanding 
the underlying mechanisms of genetic diseases. 
In this regard, genetic mutations in the β-globin 
gene, referred to as HBB, cause β-thalassemia, a 
genetic disorder of great public health 
significance[5], [6]. Despite extensive research on 
this gene, many genetic variants within this locus 
have unknown pathogenicity. Therefore, there is 
a need for the development of computational 
methods for prioritizing pathogenic variants. 
Machine learning methods have been 
recognized as a useful tool for the interpretation 
of genetic variants [7]. These methods have been 
shown to integrate multiple genomic features, 
including context, evolution, and function[8]. 
Among machine learning methods, tree 
ensemble methods[9], including random 
forests[10] and extreme gradient boosting[11], 
[12], have been recognized for their excellent 
performance in pathogenicity prediction. 
Boosting methods have been demonstrated to 
have superior performance compared to 
traditional classifiers[13].  
Additionally, evolutionary conservation 
features, such as PhyloP[14] and phastCons[15] 
scores, are also extremely useful, as it has been 
demonstrated that mutations occurring in 
highly conserved regions of the genome are more 
likely to be functionally deleterious [16]. These 
features are commonly used in modern 
approaches for predicting pathogenicity and 
have been shown to improve the performance of 
such models [17]. 
Although many tools have been developed for 
predicting variant pathogenicity[3], [18], many of 
these tools are focused on genome-wide 
predictions and do not have direct applications 
for individual genes[4], [19]. In addition, 
translating the results of such predictions into 
useful information for understanding the 
clinical significance of a variant, such as 
prioritizing variants occurring in disease-
associated genes, remains a challenge[1], [20]. In 
this study, we present a novel framework for 
predicting variant pathogenicity using a machine 
learning-based model trained on ClinVar 

variants and apply it to predict the pathogenicity 
of novel candidate variants occurring in the 
HBB gene[16], [21]. 
 
Materials and Methods 
Study Design 
This research aims to create a comprehensive 
framework to forecast the pathogenicity of 
genetic variants using machine learning and to 
discover novel variants within the HBB gene. 
The process involved several steps, from data 
collection to application.  
This study is different from most experimental 
designs, where the emphasis is on using existing 
genomic data to create a framework for 
prediction. In this context, the emphasis is on 
generalization, where a model is trained on 
existing variants and then used to predict 
variants without clear characterization. 
 
Participants 
No participants were involved in this study. All 
the processes were conducted using existing 
genomic data. The data used in this study were 
obtained from the ClinVar database, a 
comprehensive collection of clinically annotated 
genetic variants and interpretations of their 
clinical significance[2], [22]. 
To maintain the quality of the data, only those 
variants with clearly defined clinical labels, i.e., 
benign, or pathogenic, were considered. This 
filtering is an essential step, especially while 
dealing with supervised learning models, where 
incorrect information can affect the 
performance of the model significantly. 
 
Data Collection 
The initial dataset for training the model 
consisted of 7,819 variants, collected from the 
ClinVar database (GRCh38 assembly) [2], [22],  
out of which 6,587 variants were benign, while 
1,232 variants were pathogenic. For each 
variant, their genomic coordinates, reference 
alleles, and alternate alleles were collected. 
To check the applicability of the model, another 
dataset comprising 36,099 variants located 
within the HBB gene region on chromosome 11, 
collected from population-scale genomic data, 
was considered. This dataset is considered an 
actual scenario where most of the variants are 
not annotated. 
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The two different datasets, ClinVar and the 
unannotated variants, allow us to check the 
capability of the model to perform variant 

prioritization within clinically relevant genomic 
regions. 
The datasets used for the entire process are 
presented in Table 1. 

 
Table 1. Dataset Summary 

Dataset Total Variants Benign Pathogenic Source 
ClinVar (Training) 7,819 6,587 1,232 ClinVar 
HBB Variants 36,099 Unknown Unknown Population dataset 

 
Feature Extraction 
In feature engineering, biologically relevant 
signals associated with variant pathogenicity 
were extracted. Three major features were 
considered for the model. These features 
included variant type, GC content, and 
evolutionary conservation. These features were 
chosen for their relevance to variant 
pathogenicity, as discussed in the literature. The 
variant type feature is defined as either a single 
nucleotide polymorphism or an indel, reflecting 
the structural difference in genomic variants, 
which might influence variant pathogenicity. 
The GC content feature is defined as the GC 
content within a ±10 base pair window around 
the variant. This feature has been associated with 

mutation rates and genomic stability. 
Evolutionary conservation is defined as the 
PhyloP100way score, which measures 
conservation at the nucleotide level across 
multiple species. A high PhyloP100way score is 
associated with high evolutionary conservation, 
indicating that mutations in these regions are 
likely to be functionally deleterious. This feature 
has been widely accepted as a strong predictor of 
variant pathogenicity in previous studies [23], 
[24] 
In addition, the combination of sequence and 
evolutionary features enables the model to learn 
relevant biological context. 
A detailed explanation of the extracted feature is 
outlined in Table 2. 

 
Table 2. Feature Description 

Feature Description Type 

Variant Type SNP or Indel Categorical 

GC Content GC proportion in ±10 bp window Numerical 

Conservation PhyloP100way score Numerical 

 
Statistical Analysis 
Model Development 
Two supervised machine learning algorithms 
were used to classify variants as benign or 
pathogenic: Random Forest (RF)[10] and 
Extreme Gradient Boosting (XGBoost) [12],[25]. 
RF builds multiple decision trees using 
bootstrap aggregation techniques to enhance 
model robustness and accuracy. On the other 
hand, XGBoost is a gradient boosting algorithm 
that optimizes model accuracy by correcting 
errors in successive iterations. 
The data set was found to be imbalanced because 
benign variants were significantly more 
abundant than pathogenic variants. Synthetic 
Minority Over-sampling Technique (SMOTE) 

[26], was used to address this imbalance in the 
training data set. SMOTE generates artificial 
data points belonging to the minority class to 
enhance model sensitivity to pathogenic variants 
and avoid bias towards benign variants[26]. 
Model Evaluation 
The data set was divided into training and 
testing data sets using an 80:20 ratio to test 
model accuracy on unseen data. Various model 
evaluation metrics were used to test model 
accuracy: accuracy, precision, recall, F1 score, 
ROC-AUC score, and PR-AUC score. In this 
case, due to data imbalance, PR-AUC was used 
as a major evaluation metric because it provides 
a more reliable assessment of model accuracy in 
detecting minority class variants than ROC-
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AUC score in machine learning problems[26], 
[27]. 
 
Application to HBB Variants 
After model evaluation using multiple metrics, 
the best model (XGBoost) was used to classify 
HBB variants and predict probabilities of 
pathogenic variants. The model was able to rank 
variants in descending order of their 
probabilities. This ranking is useful in 
prioritizing variants in genomic studies. In 
addition, a probability threshold was set to select 
variants with probabilities above 0.9. This 
approach is useful in reducing the complexity 
associated with genomic data and variants. 
Ethical Approval 
This research used publicly available data 
obtained from ClinVar database. The data was 
de-identified and no personal information was 
used in this research. As a result, no ethical 
approval. 

Results 
Model Performance Comparison 
The performance of the Random Forest (RF) 
model and the XGBoost (XGB) model was 
compared by using different classification 
metrics on the test dataset. The results show that 
the XGBoost model performed better than the 
Random Forest model according to all the 
classification metrics. In particular, the XGBoost 
model had an ROC-AUC score of 0.81, while 
the Random Forest model had an ROC-AUC 
score of only 0.77. This shows that the XGBoost 
model is better at distinguishing between 
pathogenic and benign variants. In addition, the 
XGBoost model performed better than the 
Random Forest model regarding the imbalanced 
dataset, with an PR-AUC score of 0.61, while the 
Random Forest model had an PR-AUC score of 
only 0.52. A detailed comparison of model 
performance is presented in Table 3. 

 
Table 3: Model Performance Comparison 

Metric Random Forest XGBoost 
Accuracy 0.76 0.84 
ROC-AUC 0.77 0.81 
PR-AUC 0.52 0.61 
Precision (Pathogenic) 0.35 0.49 
Recall (Pathogenic) 0.62 0.65 
F1-score (Pathogenic) 0.44 0.56 

 
Class-wise Performance 
A detailed class-wise performance analysis 
showed that the XGBoost model had a 
significant impact on the prediction of 
pathogenic variants. The precision of the 
pathogenic class increased from 0.35 using RF to 
0.49 using XGB. This shows that the number of 
false positive predictions is reduced using the 
XGBoost model. Moreover, the recall of the 
pathogenic class increased from 0.62 to 0.65 
using the XGBoost model. This resulted in an 

improvement in the F1-score from 0.44 to 0.56 
using the RF and XGBoost models, respectively. 
The performance of the XGBoost and RF 
models in the prediction of the benign class also 
showed improvement, with the XGBoost model 
having better recall and F1-score compared to 
the RF model. This shows that the XGBoost 
model provides better and more balanced 
classification results compared to the RF model. 
A detailed classification report of the XGBoost 
model is provided. 

 
Table 4: Classification Report for XGBoost 

Class Precision Recall F1-score Support 
Benign (0) 0.93 0.87 0.90 1318 

Pathogenic (1) 0.49 0.65 0.56 246 
Accuracy 

  
0.84 1564 

 



The Research of Medical Science Review  
ISSN: 3007-1208 & 3007-1216  Volume 4, Issue 2, 2026 
 

https://medicalsciencereview.com                | Waseem & Habib, 2026 | Page 721 

Receiver Operating Characteristic (ROC) 
Analysis 
The receiver operating characteristic curves for 
both models are shown in Figure 1. As 
illustrated, the XGBoost model always maintains 
a higher true positive rate for a broad range of 
false positive rates compared to the Random 
Forest model. 

The improvement in the ROC-AUC for the 
XGBoost model implies a better capacity for 
distinguishing between benign and pathogenic 
variants. The gap between the two curves further 
confirms the superior discriminative ability of 
the boosting model. 

 
Figure 1: Receiver Operating Characteristic (ROC) curves comparing Random Forest and XGBoost 

models. The XGBoost model demonstrates improved discriminative performance with a higher 
AUC (0.81 vs 0.77). 

 
Precision-Recall Analysis 
The Precision-Recall curves for both models are 
presented in Figure 2. The precision values in 
the XGBoost model are higher compared to 
those in the RF model for most recall values, 
reflecting its ability to identify pathogenic 
variants under class imbalance conditions. 

The significant improvement in Precision-
Recall-AUC (PR-AUC) from 0.52 in RF to 0.61 
in XGB suggests that XGBoost can identify fewer 
false positives while retaining sensitivity to 
pathogenic variants in genomic data, where they 
are known to be rare. 

 

 
Figure 2: Precision-Recall (PR) curves comparing Random Forest and XGBoost models. XGBoost 
demonstrates superior performance, particularly in maintaining higher precision at increasing recall 
levels. 
 
Prediction of Pathogenicity of Variants in 
HBB 
The optimized XGBoost model has been used to 
predict the pathogenicity probabilities of 36,099 

variants in the region of the HBB gene. The 
distribution of predicted probabilities follows a 
skewed distribution, where most variants tend to 
have low pathogenicity. 
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Table 5: Pathogenicity Probability Distribution (HBB Variants) 
Statistic Value 
Count 36,099 
Mean 0.245 
Median 0.08 
Standard Deviation 0.315 
Minimum 0.0 
Maximum 1.0 

 
Identification of High-Risk Variants 
A set of variants with high pathogenicity 
probabilities was found to have probabilities 
above 0.97. These variants were primarily those 

with high evolutionary conservation scores 
above 7 on PhyloP. Representative high-
confidence variants are presented in Table 6 

 
Table 6: Top Predicted Pathogenic HBB Variants 

Chrom Position Variant Type GC Conservation Pathogenic Prob 
11 5249713 1 0.62 4.89 0.989 
11 5059269 1 0.48 7.36 0.989 
11 5431424 0 0.43 7.75 0.988 
11 5719473 0 0.52 0.77 0.988 
11 5901072 0 0.52 7.76 0.988 
11 5092956 0 0.43 7.77 0.988 
11 5269533 1 0.33 7.06 0.987 
11 5331011 1 0.52 6.29 0.986 

 
The variants described in Table 6 indicates a 
high probability of their pathogenicity in 
relation to β-thalassemia and related 
hemoglobinopathies. The majority of the 
variants found are presented in highly conserved 
genomic regions, with PhyloP scores >7. This 
suggests that the mutations found might be 
disrupting crucial parts of the β-globin gene, 
which might have a major influence on the 
gene’s expression. Such mutations might have a 
more detrimental effect on the phenotype of the 
individual. 
Interestingly, a few of the mutations found have 
lower PhyloP scores but have high pathogenicity 
probability values. This suggests that clinically 
relevant mutations might be found in less 
conserved genomic regions, through 
mechanisms related to splicing, structural 
changes, and regulatory elements. In a clinical 
context, this is useful for prioritizing genetic 
variants found in genetic screenings. This allows 
clinicians and researchers to narrow down the 
most clinically relevant mutations and 
concentrate on a few high-risk variants for 
further research and incorporation into therapy. 

 
Key Observations 
The results show that: 
1. XGBoost improves significantly over 
Random Forest 
2. PR-AUC is a more informative metric 
in imbalanced datasets. 
3. High pathogenicity scores are associated 
with evolutionary conservation. 
4. The model successfully identifies a small 
set of high-risk variants from a large dataset. 
 
Discussion 
Principal Findings 
The current study aimed to develop and test a 
machine learning framework for pathogenicity 
prediction of genetic variants. In addition, this 
framework was applied for prioritizing novel 
variants within the HBB gene. The results show 
how the XGBoost model excels compared to the 
Random Forest model for all evaluation metrics, 
especially in imbalanced classification. 
Interesting result was obtained for the precision-
recall metric, where PR-AUC was boosted from 
0.52 to 0.61. This improvement is critical for 
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genomic research, where false positives for 
pathogenic variants might lead to false 
interpretations of results. In addition, the 
improvement in precision for pathogenic 
variants from 0.35 to 0.49 indicates how the 
model reduces false positives. 
Another noteworthy result is the relationship 
between pathogenicity prediction and 
evolutionary conservation. It was found that 
variants predicted as elevated risk (>0.97) were 
consistently located in regions with high PhyloP 
scores (>7). This result indicates how the model 
is focused on identifying biologically meaningful 
signals rather than using statistical patterns. 

Another significant result is how the trained 
model performed for 36,099 variants within the 
HBB gene. It was identified that the results were 
right-skewed, where most variants were 
predicted to be benign, with a small proportion 
having high pathogenicity scores. This result 
indicates how the model is useful for effectively 
prioritizing variants. 
To further explore the relationship between 
predicted pathogenicity and evolutionary 
conservation, another analysis was performed, 
and the results are summarized in Table 7.  

 
Table 7. Relationship Between Conservation and Predicted Pathogenicity 

Conservation Range Mean Pathogenic Probability 

< 0 0.12 

0 – 2 0.21 

2 – 5 0.38 

> 5 0.74 

 
The results show that there is a positive 
correlation between evolutionary conservation 
and predicted pathogenicity. This is confirmed 
by the observation that variants found in regions 
with low conservation values (<0) have low 
pathogenic probabilities (mean = 0.12), while 
variants found in regions with high conservation 
values (>5) have significantly higher pathogenic 
probabilities (mean = 0.74). This is consistent 
with biological intuition, where it is expected 
that mutations found in evolutionarily 
conserved regions would have a greater chance 
of being pathogenic. The results thus not only 
validate the effectiveness of using conservation-
based features for pathogenicity prediction, they 
also show that the model is successfully 
exploiting these features to make the necessary 
predictions. 
 
Comparison with Literature 
The results obtained in this study are in 
agreement with the recent advancements in 
machine learning application in genomic variant 
interpretation. Specifically, the superior 
performance of the XGBoost in this study aligns 
with existing literature showing that gradient 
boosting models outperform other ensemble 

learning models in complex biological 
datasets[21], [25]. 
Recent studies have also shown that boosting 
algorithms are effective in handling imbalanced 
genomic datasets due to their ability to iteratively 
focus on misclassified data points and learn non-
linear feature interactions. This aligns well with 
our results, where PR-AUC metric highlights the 
importance of using appropriate metrics in 
imbalanced classification problems. 
The significant impact of evolutionary 
conservation identified in our research also is in 
agreement with recent literature. The features 
based on evolutionary conservation were found 
to be among the most informative predictors of 
variant pathogenicity, as they reflect 
evolutionary constraints on genes and 
species[28]. Moreover, the enrichment of high-
confidence variants in highly conserved regions 
was also present in our results to validate this 
biological principle. 
Recent studies have also emphasized the 
importance of variant prioritization 
frameworks[16], [21], [28] that not only classify 
variants but also facilitate their application in 
genomic medicine. This study also contributes 
to this new line of research in machine learning 
application in genomic variant interpretation. 
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In comparison with recent studies on deep 
learning application in genomic variant 
interpretation[3], [18], this framework was 
found to have comparable performance using a 
simple feature set in comparison with complex 
architectures and large-scale multi-omics data 
required in recent studies on deep learning 
application[29], [30], [31] in genomic variant 
interpretation. This is an important advantage in 
terms of computational cost and application in 
resource-limited settings. 
 
Limitations 
Despite the encouraging results, some of the 
limitations associated with the study can be 
considered as future work. The feature set used 
in the study was limited to GC content, variant 
types, and conservation scores, which may be 
extended to CADD, SIFT, and PolyPhen scores.  
Moreover, this research is conducted for a 
specific gene, i.e., HBB, which may be extended 
to other genes also in future.  
 
Conclusion 
In this research work, a framework for predicting 
pathogenicity has been proposed based on a 
machine learning approach. The proposed 
framework has been implemented for 
prioritizing novel variants of the HBB gene. The 
results clearly show that XGBoost performs 
significantly better than Random Forest, 
especially for imbalanced data sets. 
Moreover, it has been observed that the 
proposed framework is able to identify variants 
located in evolutionarily conserved regions, 
suggesting a strong association with 
pathogenicity.  
The proposed research work clearly shows the 
potential of a machine learning approach to 
bridge the gap between large data sets and 
clinically relevant results, especially for genetic 
disorders such as β-thalassemia. 
 
Future Work and Clinical Implications 
The proposed framework is not limited to 
integrating more features; rather, it opens 
avenues to incorporate other noteworthy 
features and scores, including popular 
pathogenicity scores like CADD, SIFT, and 
PolyPhen, to further enhance its predictive 
capabilities. Furthermore, incorporating multi-

omics data like transcriptomics and epigenomics 
data may also give rise to more profound insights 
into variant effects. 
To validate the predicted high-risk variants using 
experimental techniques like CRISPR-based 
functional assays is also essential to establish 
their biological and clinical significance. 
Moreover, extending this framework to include 
other genes and populations will also enhance its 
robustness. 
From a clinical standpoint, this work also opens 
new avenues in gene therapy in β-thalassemia 
patients. The ability to prioritize pathogenic 
variants in the HBB gene will be extremely useful 
in: 
1. Determining causative mutations in 
patients 
2. Improving genetic diagnosis and 
screening 
3. Choosing targets for gene editing 
techniques like CRISPR-Cas9 
4. Fine-tuning personalization strategies in 
gene therapies 
This framework will be extremely useful in 
reducing the search space from thousands to a 
small set of variants that have high biological 
significance and may aid in developing gene 
therapies more rapidly. Identifying functionally 
significant variants in conserved regions may aid 
in developing gene therapies in β-thalassemia 
patients. 
In conclusion, this proposed framework not 
only contributes to the field of computational 
genomics but also lays a foundation for potential 
clinical applications in precision medicine and 
gene therapies. 
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