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ABSTRACT

The monogenic disorder fB-thalassemia is a common genetic condition caused by pathogenic variations
in the HBB gene, and its accurate computational classification is difficult due to class imbalance,
incomplete annotations, and individual predictor limitations. This work proposes a deep learning
framework for HBB gene variant pathogenicity prediction, which is interpretable, using a combination
of REVEL, AlphaMissense, and existing scoring, while using explainable Al for evaluating feature
contributions. The dataset of 1585 HBB gene single nucleotide variations was collected from ClinVar,
and functional scores were obtained using the myvariant.info API. Five models were implemented using
stratified splitting, class imbalance was addressed using SMOTE and class weighting in loss functions.
The class weighting deep learning model performed best, with a high ROC-AUC of 0.9483 and PR-
AUC of 0.7912, marginally higher than RF and XGB models. Feature importance analysis revealed
REVEL as the most dominant predictor, while AlphaMissense contributed significantly in second place.
SHAP analysis revealed that REVEL contributes a global predictive value, while AlphaMissense
contributes a context-dependent structural value, especially in terms of protein stability. Traditional
scoring, such as SIFT, contributed minimally, indicating its redundancy in contributing to the model.
This work concludes that the predictive capacity is dependent on the quality of the features and not the
architecture, with the combination of sequence-based (REVEL) and structure-based predictors
(AlphaMissense) providing complementary and biologically relevant signals. Furthermore, the high recall
rates for pathogenic variants and the interpretability through the application of the SHAP analysis also
point to the potential usefulness of the model in prioritizing variants of uncertain significance,
enhancing diagnostic accuracy, and making informed decisions in the context of S-thalassemia screening,
genetic counselling, and therapeutic interventions.

Keywords: HBB gene; P-thalassemia; pathogenicityy, REVEL; AlphaMissense; CADD; SIFT;
PolyPhen; ClinVar; gene therapy.

Introduction

One of the most clinically relevant monogenic
disorders in the world is beta-thalassemia, caused
by mutations in the HBB gene on chromosome
11p15.4 [1]. It is characterized by decreased or
absent synthesis of the beta-globin chains of

hemoglobin, resulting in haemolytic anaemia of
varying degrees depending on the specific
genotype [2]. The impact of beta-thalassemia is
particularly high in South Asia, the Middle East,
and sub-Saharan Africa, where carrier rates of the
condition have been reported to be higher than
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five percent of the general population [3]. With
the advent of nextgeneration sequencing
technology, thousands of variants in the HBB gene
have been recorded in databases such as ClinVar
[4] and HbVar [5]. However, a large proportion of
these variants have uncertain clinical implications,
which  directly hampers precise molecular
diagnostic techniques and drug development.
The classification of genetic variants into
pathogenic and benign types is a crucial step in
clinical genomics [6]. Traditional computational
methods like SIFT [7], PolyPhen-2 [8], and CADD
[9] have been commonly used as predictors of
genetic variants in diverse ways by considering
various biological signals. Though these methods
are useful, they have shown different performance
results when tested on gene-specific data sets with
class imbalance problems, as observed in the case
of the HBB gene in ClinVar [10]. The Combined
Annotation-Dependent Depletion (CADD) tool
uses more than sixty different annotations and has
shown better performance in comparing different
predictors in  genomeé-wide  deleteriousness
predictions [9]. Phylogenetic 'conservation score
predictors like phyloP [11] are useful in
understanding the functional “importance of
genetic variants in highly conserved gene tegions
like HBB.

Ensemble Meta Predictors represent the latest and
most potent variant effect prediction tools.
Indeed, a tool named REVEL[12], which
combines thirteen individual variant effect
prediction tools, such as SIFT, PolyPhen-2,
MutPred, VEST, etc., was found to be superior to
its individual components in a
benchmark studies and has since been integrated
into clinical guidelines for variant classification by
ClinGen [13]. Recently, a new tool named
AlphaMissense[14], developed by  Google
DeepMind, utilized a novel method involving
structural embeddings from AlphaFold2 to make
predictions on a proteome-scale level, achieving
over 90% sensitivity and specificity in a series of
benchmark studies. Indeed, other studies have
validated the versatility of AlphaMissense in
different gene contexts, while also revealing its
shortcomings in regions with disordered

series of
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structures where AlphaFold2 has a low confidence
level [15, 16].

The development of machine and deep learning
approaches for variant pathogenicity prediction
has also seen significant acceleration in recent
years [17]. Sundaram et al. have shown the
promise of sequence-level variant features for
genome-wide pathogenicity inference by training a
deep neural network on population-scale variant
data [18]. Gene-specific approaches have also been
developed for clinically significant disease genes,
acknowledging the different genomic and
evolutionary contexts of different genes that may
warrant different modeling strategies [19]. For
haemoglobin disorders in particular, Waseem and
Habib [20] have very recently developed a machine
learning framework for HBB variant classification
based on ClinVar data, which attained a ROC
AUC of 0.81 for the three-feature model of variant
type, GC content, and phyloP conservation score
using the XGBoost algorithm. The authors of this
study specifically highlighted the importance of
including /CADD - scores, SIFT scores, and
PolyPhen-2 scores in machine learning models for
variant classification for this dataset, and the
potential of deep'léarning methods for enhancing
variant classification performance.

However, there are some important gaps in the
existing literature. For instance, there is a lack of
evaluation of the performance of next-generation
predictors, like REVEL and Alpha Missense, in
gene-specific pathogenicity classification of HBB
variants. Another gap in the existing literature lies
in the fact that most existing workflows heavily
depend on large annotation databases like
dbNSFP, which can reach sizes of over 30 GB.
Additionally, there is a lack of comparison of the
performance of deep learning and classical
machine learning techniques, especially in small,
imbalanced gene-specific datasets. While some
general machine learning frameworks for
pathogenic variant prediction have been proposed
[37, 38], they have not been applied to HBB-
specific datasets with enriched feature sets
incorporating next-generation predictors. Most
existing works in the area have not shown
interpretable results, which can be important in
clinical practice. Another gap in the existing
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literature lies in the fact that there is a lack of
comparison of sequence-based and structure-based
predictors, which can be important in practice
because of their biological relevance. The impact
of class imbalance handling strategies has not been
sufficiently explored. Additionally, there is a lack
of rigorous analysis of the importance of
individual predictors, which can be important in
practice. The performance of pathogenicity
predictors in different genes has not been
sufficiently explored, even though it varies across
genes.

The current research aims to bridge some of the
gaps in the existing literature by proposing an
expanded ninefeature set comprising six
functional scores (CADD, SIFT, PolyPhen-2,
phyloP, REVEL, AlphaMissense) and three
engineered features (transition/transversion type,
GC content, and CDS location). The expanded
nine-feature set is developed by programmatically
accessing the relevant data via the ‘myvariant.info’
REST API [21] and does not require any large
annotation databases. The paper also includes a
comparative evaluation of five machine learning
and deep learning models on-a dataset of 1585
HBB SNVs collected from ClinVar. The paper
provides insights into the performance of the
models on a small and imbalanced dataset for a

gene of interest. The proposed deep learning
model is shown to have a ROC AUC of 0.9483 on
the dataset of 1585 SNVs and is a significant
improvement over the existing benchmarks. The
feature importance analysis also shows that the
REVEL and AlphaMissense scores are the most
important features for predicting the functional
impact of SNVs. The SHAP analysis is also
conducted to improve the interpretability of the
results and assess the potential clinical
applicability of the proposed method. The results
also indicate that the REVEL and AlphaMissense
scores are important for predicting the functional
impact of SNVs and have global and context-
dependent predictive value.

Materials And Methods

Study Design

The current study is a computational investigation
with a binary classification scheme for HBB SN'Vs.
It consists of four stages: data curation using
ClinVar, functional score annotation using public
APIs,-model training -with the handling of class
imbalance; and comparative evaluation. No
human participants were included in the
investigation. No“experimental procedures were
carried out. No " ethical committee approval is
required. A detailed workflow diagram is
presented in Figure 1.
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Figure 1: Workflow Diagram

Dataset Construction.

Data on variants was collected using the ClinVar
Variant Summary File, which is based on the
GRCh38 assembly and was downloaded in March
2026 [4]. Data was filtered to include only those
variants involving the HBB gene and single
nucleotide variants with unambiguous clinical
labels using the ClinSigSimple field. It is assigned
the value 1 if the variant is pathogenic/likely
pathogenic and O if it is benign/likely benign.
Variants with uncertain significance, conflicting,
and other designations were excluded. Allele data
were collected using the ReferenceAlleleVCF and
AlternateAlleleVCF fields. These fields supply
standardized alleles in VCF format. The dataset
comprises 1,585 variants, with 1,323 being benign
and 262 pathogenic.

Feature Annotation

The functional pathogenicity score was accessed
through the myvariant.info REST API [21], which
provides programmatic access to the dbNSFP
annotation database. The 1sID queries were
performed where available for 1,470 variants, with
HGVS genomic notation as the fallback for 115
variants. Seven functional pathogenicity scores
were accessed: the CADD phred-scaled score [9],
the SIFT score with inverted scale to ensure the
same directionality as the other scores [7], the
PolyPhen-2 HDIV score [8], the phyloP 100 way
vertebrate score [11], the REVEL ensemble score
[12], the AlphaMissense score [14], and the
GERP++ evolutionary constraint score [22] was
also queried but excluded from the final feature
set due to zero coverage for HBB variants in
dbNSFP. In the case where the database returns
multiple values for the same variant, the maximum
is used. The two engineered features are the
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transition/transversion classification and the GC
content of the reference sequence. All features are
normalized to the range [0, 1] through
MinMaxScaler on the training set only.

Missing Value Strategy

The coverage of the score varies depending on the
type: CADD 44.3%, SIFT, PolyPhen, REVEL
29.6%, AlphaMissense 29.7%, phyloP 32.9%.
The coverage is naturally lower for the coding
region as the intronic and synonymous variants do
not have the SIFT and PolyPhen score by design.
The missing values are imputed through the
median imputation strategy on a class basis.

Before SMOTE

Count

Benign

Pathogenic

Model Architectures

The performance of five models were examined:
Logistic Regression with L2 regularization,
Support Vector Machine with a radial basis
function kernel, Random Forest with 200
estimators, XGBoost with 200 boost rounds [24],
and the proposed deep learning classifier. The
deep learning classifier consists of a fully
connected residual network with the following
structure: input (9) — Layer 1 (64, BatchNorm,
ReLU, Dropout 0.3) — Layer 2 (32, BatchNorm,
ReLU, Dropout 0.3) — Layer 3 (16, BatchNorm,
ReLU, Dropout 0.3) — output (1, Sigmoid), and
residual connections from Layer 1 to Layer 3. The
model was initialized with the Kaiming normal
initializer and used AdamW with learning rate
0.001, weight decay le-4, and the learning rate
scheduler ReduceLROnPlateau, and early
stopping with patience 25.

Count

Class Imbalance Handling

The class imbalance is 5:1 between the benign and
the pathogenic variants. The class imbalance is
addressed through the Synthetic Minority
Oversampling Technique (SMOTE) [23] on the
training set only, as well as the class-weighted cross-
entropy loss, where the weight is inversely
proportional to the class frequency. The class-
weighted cross-entropy loss is found to provide
superior performance for the deep learning
approach. The effect on the imbalance is
presented in Figure 2.

After SMOTE
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Evaluation

All models were tested on a stratified test set
consisting of 317 variants (20% of the dataset).
The main evaluation metrics were ROC AUC and
PR AUC, with the optimal classification threshold
chosen according to the Youden index. The
performance of the Random Forest and deep
learning classifier models was evaluated in terms
of permutation feature importance, which
measures the average decrease in AUC over 10
repetitions for each feature, with the feature being

shuffled.

Results

Dataset Characteristics

The final dataset comprised 1,585 HBB SNVs
from ClinVar: 1,323 benign/likely benign and
262 pathogenic/likely pathogenic (5:1 ratio). The
train-test split yielded 1,268 training and 317 test
variants with class proportions preserved by
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stratification. After SMOTE, the training set was
balanced to 1,058 samples per class (2,116 total).

In the first set of experiments, we implemented a
deep learning classifier to our dataset. The
baseline deep learning classifier is a residual fully
connected network, which is particularly suited for
binary classification of HBB variants. The network
architecture consists of three hidden layers of
different sizes 64-32-16 units, followed by batch
normalization, ReLU activation, and dropout
(0.3) for better generalization and preventing
overfitting. The output layer is followed by a

RINMSR

Review Journal of Neurological
& Medical Sciences Review

Volume 4, Issue 3, 2026

sigmoid  activation  function for  binary
classification. The binary cross-entropy loss
function is used for balancing the classes in the
dataset by giving greater weights to the minority
class of pathogenic variants. The proposed
network is trained using the AdamW optimizer
and a learning rate scheduler with an early
stopping criterion. The network is a good trade-off
between capacity and robustness for small
genomic datasets and is also interpretative for
feature attribution methods. The results are
presented in Table 1.

Table 1: Performance of Deep Learning Model on Test Set (n = 317)

Class Precision Recall Fl-score Support
Benign 0.98 0.86 0.92 265
Pathogenic 0.57 0.90 0.70 52
Accuracy 0.87 317
Macro Avg 0.77 0.88 0.81 317
Weighted Avg 0.91 0.87 0.88 317

The performance of the deep learning model on
the test data is satisfactory, with good performance
in terms of ROC-AUC (0.9303) and PR-AUC
(0.7506) at the optimal threshold of 0.552. The
class-wise performance of the model is very high in
precision for benign variants (0.98) and high in
recall for pathogenic variants '(0.90). This is
because most of the clinically relevant pathogenic
variants are correctly classified by the model,
although there are some false positives in the
prediction of pathogenic variants (precision of
0.57). The performance of the model is satisfactory
in the context of the clinical need for minimizing
false negatives in pathogenic variants. The
performance of the deep learning model is
satisfactory for its use in variant prioritization,
reduction of variants of uncertain significance

Confusion Matrix

ROC Curye

(VUS), and decision-making in genetic screening
and diagnosis of B:thalassemia.

This classification performance is further depicted
in Figure 2, which shows the confusion matrix,
ROC curve, and precision-recall curve. From the
confusion matrix, it is evident that the model is
able to classify the majority of benign variants
(229/265) and pathogenic variants (47/52), with
minimal false negatives. From the ROC curve, the
model is able to discriminate well between the two
variants, with the AUC being approximately 0.93.
From the precision-recall curve, the model is able
to perform well even in the presence of class
imbalance, with the AP being approximately 0.75
[40]. From the optimal threshold selected, it is
evident that the model is able to achieve a
threshold between sensitivity and specificity,
which is approximately 0.55.

Pracision-Recall Curve
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Figure 2. Model performance evaluation on the test set.
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The confusion matrix (left), receiver operating
characteristic curve (middle), and precision-recall
curve (right) for the deep learning model. The
confusion matrix illustrates the classification
performance of the model at the optimal
threshold (Youden’s Index = 0.55). The receiver
operating characteristic curve confirms the high
separability of the classes (AUC = 0.93), while the
precision-recall curve (AP = 0.75) emphasizes
performance in the case of class imbalance.

Moreover, the permutation feature importance
analysis (Table 2 & Figure 3) reveals that REVEL
has the highest feature importance, i.e., the
highest reduction in AUC by permuting the

feature (AAUC = 0.039), followed by
AlphaMissense  (AAUC = 0.027). The
performance of traditional features such as
PolyPhen-2, CADD, and phyloP is moderately
affected. SIFT and engineered features have
minimal impact. The negligible contribution of
the is_transition feature implies that it does not
have much independent predictive power. This
reveals that the performance of the model is
mainly due to the use of advanced predictors such
as ensemble predictors and structure-based
predictors, which are more likely to capture the
relevant information for pathogenicity prediction.

Table 2: Permutation Feature Importance (AUC Decrease)

Feature Mean AUC Decrease + SD
REVEL +0.0388 + 0.0099
AlphaMissense +0.0265 + 0.0071
PolyPhen-2 +0.0185 + 0.0031

CADD +0.0180 + 0.0093

phyloP +0.0161 + 0.0055
in_hbb_cds ~ 1 +0.0060 £0.0024

SIFT +0.0044 + 0.0021
gc_content +0:0037.£0.0020
is_transition —0.0000 + 0.0033

REVEL -
AlphaMissense A
PolyPhen-2 |
CADD -

phyloP 4

in hbb cds 1

=l
SIFT - =
gc_content - s
-

is_transition | b=

0.00 0.01

0.02 0.03 0.04 0.05

Mean AUC decrease (permutation importance)

Figure 3: Permutation Figure Importance

In the next set of experiments, a hyperparameter
search is performed to assess the performance of

different architectural configurations and class
imbalance  handling  techniques.  Various
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configurations of the deep learning classifier were
tested by varying the sizes of the hidden layers,
dropout rate, learning rate, and weight decay
parameters. Apart from SMOTE-based training,
another class imbalance handling technique is
class-weighted loss functions. It is observed that
varying architectural configurations resulted in a
slight difference in performance; however, class-
weighted loss achieved better performance
compared to SMOTE-based training in terms of
ROC-AUC 0.9483 and PR-AUC 0.7869 values.
This indicates that class imbalance has a greater
impact on performance compared to architectural
configurations.

Furthermore, comparison with four different
machine learning models is also conducted. The
proposed deep learning classifier with a class-

weighted loss function showed the best
performance in terms of ROC AUC of 0.9483
and PR AUC of 0.7912 (Table 3 & Figure 4). The
performance is very close to the performance of
the Random Forest and XGBoost models, which
showed an AUC of 0.9468 and PR AUC of
0.7923 and an AUC of 0.9440 and PR AUC of
0.7850, respectively, consistent with prior reports
of XGBoost achieving competitive performance in
variant phenotype prediction tasks [39]. The
performance of the SVM and Logistic Regression
models is significantly lower than the other models
in all metrics, especially for PR AUC of 0.4836
and 0.5196 for SVM and Logistic Regression,
respectively. The performance of the basic deep
learning classifier trained with SMOTE showed an

AUC of 0.9304.

Table 3. Comparative performance of all models on the held-out test set (n=317).

Model ROC- PR- Precision Recall F1 Accuracy
AUC AUC (Path) (Path) (Path)
Deep Learning* | 0.9483 0.7912 | — — — —
(proposed) _
Random Forest 0.9468 0.7923 0.477 1.000 0.646 0.820
XGBoost 0.9440 0,7850—10.533 0.942 0.681 0.855
Deep Learning (base) 0.9304 0.7507 " 1.0.490 0.960 0.650 0.830
SVM 0.8706 0.4836 | 0.565 0.923 0.701 0.871
Logistic Regression 0.8535 0.5196 | 0.490 0.904 0.635 0.830
* Class-weighted loss variant. Path = Pathogenic class.
1.04 ROC-AUC
PR-AUC - 0.944 0.947 0.9448
0.91 0.871 ”
0.8 L 0792 0.791
;E 0.7

0.6 1

0.5 A o 0.484

0.4 : a )

Logistic SVM Deep Learning XGBoost Random DL Class
Regression {base) Forest Weighted*

Figure 4: ROC-AUC and PR-AUC comparison of all the models

Moreover, a hybrid deep learning architecture
based attention and residual
connections has been employed in a validation

on feature

framework to check whether a more complex
architecture results in better performance in terms
of predictions. The performance of the hybrid
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deep learning model has been reported in Table 4
as 0.9386 ROC-AUC and 0.7452 PR-AUC on the
test set. It is observed that there is a slight
improvement in performance when compared to
the baseline deep learning architecture (0.9304
ROC-AUC) but is outperformed by the class-
weighted deep learning architecture (0.9485 ROC-
AUC). The performance of each class has been
reported as 0.92 recall and 0.55 precision for
pathogenic variants, indicating a high recall rate
and a low precision rate, thus indicating a high
rate of false predictions. The class-wise evaluation
revealed high recall for pathogenic variants, at

0.92, but a low precision of 0.55, indicating a high
likelihood of false positives. This indicates that
while there are marginal benefits in using complex
models, they are still not as effective as simpler
models when class imbalance handling is
appropriately implemented, indicating that in this
particular problem, the predictive capability of a
model is not necessarily dependent on its
complexity but on its features and class imbalance
handling strategy. This is a positive aspect in terms
of pathogenic variant prediction because there is a
low possibility of false negatives, which is critical
in genetic screening and diagnostic tests.

Table 4: Comparison of DL Models

Model ROC-AUC
Hybrid DL 0.9386
DL (base) 0.9304
DL (weighted) 0.9483
In the final set of experiments, to better

understand the predictions made by deep learning
classifier, SHAP analysis has been“employed and
presented in Figure 5 and 6. The results indicate a
strong  global by REVEL in
pathogenicity ~ predictions, followed = by
AlphaMissense as the second most important
predictor in pathogenicity predictions, which has
a  variable  context-dependent
particularly in cases of potential structural impact
on the HBB protein sequence. Other predictors

influence

influence,

PR-AUC
0.7452
0.7507
0.7869

like PolyPhen-2, CADD, and phyloP have shown
moderate influence in pathogenicity predictions,
wheréas  predictors  like SIFT and engineered
features | have shown minimal
pathogenicity predictions. From a clinical point of
view, these results indicate a strong global
influence by REVEL in pathogenicity predictions
and thus support the use of integrated sequence
and predictors pathogenicity
predictions, particularly in cases of VUS.

influence in

structure in

High
REVEL - e - - '— S R
CADD IR . R
PolyPhen * - antbtagus = o e o
AlphaMissense . *—-— e ses sl = = g
)
-
phyloP -' Bost o wmts Weom oo qé
SIFT + . " X E
is_transition c“lb-u .
gc_content -*--- ..
in_hbb cds +
| Low

—02 -0.1 0.1 0.2 0.3 0.4

SHAP value (meact on model output)

0.3

Figure 5. SHAP summary plot showing feature contributions to pathogenicity prediction.
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Figure 8. Mean Absolute SHAP Values per Feature

Atphantissonse |

ster |
is_transition _

gc_content -
in_hbb_cds [

0.00 0.02

0.04 0.06 0.08

mean(|SHAP value|) (average impact on model output magnitude)

Figure 6. Mean absolute SHAP values indicating global feature importance

Discussion
This study has shown that incorporating next-gen
pathogenicity predictors, particularly REVEL and

AlphaMissense, significantly. " enhances ~HBB-

variant classification performance compared to

earlier studies. The model has a ROC- AUGC score

of 0.9483, a 17 percentage-point improvement

over Waseem and Habib [20], who also'worked on
the same gene. Significantly, this' has been
achieved across different model types, implying
that performance improvement is mainly linked to
feature representation, not model architecture, as
also seen in variant classification studies [25, 26].

The prominence of REVEL as a feature aligns with
its reputation as a highly accurate ensemble
predictor. Ioannidis et al. [12] showed REVEL to
be more accurate than individual predictors, and
later studies have also shown its robustness in
variant classification studies, particularly in
clinical settings [13, 27]. The performance of
AlphaMissense also supports the integration of
structure-based predictors, particularly for well-
structured proteins such as HBB, where
AlphaFold2-based representation has been shown
to be reliable [15, 16]. Overall, these studies point
to the synergy between sequence-based and
structure-based predictors, allowing for more
accurate discrimination of pathogenic variants on

the basis of biological meaningful information [18,
28].

Although more complex models, such as hybrid
models with attention and residual connections,
were also tested, they failed to perform as well as
the class-weighted deep learning model. This is

consistent with earlier studies showing tree-based

and simple models to remain competitive even on
small tabular datasets [29]. The performance
improvement in this study was mainly linked to
class weighting, a more appropriate approach to
class imbalance than the generation of synthetic
data seen in SMOTE.

From the clinical point of view, the model shows
high recall for pathogenic variants, which is
important in the clinical setting because false
negatives can lead to missed diagnoses. This is the
main advantage of the model, making it best suited
for the prioritization of variants in the diagnosis of
B-thalassemia. It is important to note that the
model can be applied in the prioritization of
variants in the diagnosis of B-thalassemia because
the early identification of pathogenic variants is
important in the management of the disease [31,
32]. The accurate prioritisation of pathogenic
HBB variants also directly informs the selection of
targets for emerging gene editing approaches such
as CRISPR-Cas9 [30]. Furthermore, the
application of the SHAP-based interpretability is
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important because it can be used to resolve
variants with uncertain significance. From the
methodological point of view, the work is
significant because it applied the myvariant.info
REST API, which is important because it can
replace the annotation tools ANNOVAR([33].
This work also has some limitations. First, the
data is limited to 1,585 HBB SNVs with clear
ClinVar labels. Variants of uncertain significance
were excluded to ensure the quality of the labels.
Second, the data on the functional score is not
exhaustive, ranging from 29.6 to 44.3 percent.
Third, the missing values were handled using the
median imputation method per class. Fourth, the
data was not validated using an independent set
of samples that is not derived from ClinVar.

Conclusion

This study presents an interpretable machine
learning framework for pathogenicity
classification of HBB gene variants by integrating
an enriched set of functional predictors, including
REVEL and AlphaMissense, retrieved through the
myvariant.info API. The proposed classweighted
deep learning model achieved strong performance
(ROCAUC  0.9483, -~ PR-AUC . 0.7912),
outperforming  baseline — -approaches = ‘and
demonstrating that predictive performance is
primarily driven by feature quality and appropriate
handling of class imbalance rather than model
complexity.

Feature importance and SHAP analyses
consistently identified REVEL as the most
influential  predictor, with  AlphaMissense
providing complementary structural insights. This
combination highlights the value of integrating
sequence-based and structure-based predictors for
improved variant classification. The model’s high
recall for pathogenic variants is particularly
relevant in clinical settings, where minimizing false
negatives is critical for accurate diagnosis.

From a clinical perspective, this framework
supports the prioritization of variants of uncertain
significance, enhances confidence in variant
interpretation, and may assist in genetic screening,
carrier detection, and therapeutic decision-making
in B-thalassemia. Additionally, the use of an API-

based annotation pipeline improves

Volume 4, Issue 3, 2026

reproducibility and accessibility, making the
approach suitable for deployment in resource-
limited settings.

Overall, this work demonstrates that combining
biologically informative features with interpretable
machine learning provides a practical and
clinically relevant solution for gene-specific variant
classification.

Future Work

Future work should focus on improving both the
robustness and generalizability of the proposed
framework.  First, external wvalidation on
independent variant datasets beyond ClinVar is
necessary to assess model performance across
diverse populations and clinical settings.
Incorporating population frequency data, such as
gnomAD [34, 35], may further improve specificity
by reducing false-positive predictions.

Second, expanding the feature space through
integration of multi-omics data, including gene
expression and epigenomic signals, may provide
additional - biological context for wvariant
interpretation [36]. The inclusion of regulatory
and non-coding variants would also broaden the
applicability‘of the model beyond coding regions.
Third, “extending the framework to related
haemoglobin genes (e.g., HBA1, HBA2, HBD)
and other monogenic disorders would help
evaluate its generalizability across gene-specific
contexts. Finally, prospective evaluation in clinical
workflows and benchmarking against established
diagnostic pipelines will be essential to assess real-
world utility and clinical impact.
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