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Abstract Abstract 
Proteins are one of the fundamental molecules that regulate cellular processes in living organisms. Given the pivotal role 
played by protein-protein, DNA-protein, and RNA-protein interactions in a significant proportion of biological processes, 
variants occurring in the regions where these interactions occur have the potential to give rise to serious consequences for the 
phenotype. Various supervised learning techniques are employed to ascertain the correlation between protein variants and 
the development of a specific disease. In this study, a convolutional neural network-based prediction model is proposed to 
predict the pathogenicity effect of variants on the phenotype. This is achieved by converting amino acid sequences into two-
dimensional images. A protein embedding method utilizing transfer learning (TAPE) was employed to generate the feature 
vector. The feature vector was transformed into a square-shaped, single-channel image and trained with a deep learning 
algorithm comprising a convolutional neural network. This study performed a binary classification (benign versus pathogenic) 
using missense variants in the BRCA1 protein obtained from the open-access ClinVar database as the dataset. The findings 
demonstrate that the developed prediction model is highly effective in predicting the pathogenicity effects of variants within 
the functional regions of the BRCA1 protein on phenotype. The evaluation of the model's prediction results demonstrated 
that variants in the benign class can be classified with 91% accuracy (93% sensitivity). Furthermore, the model demonstrated 
robust performance in classifying both benign and pathogenic variants, with an AUC value of 92%. These findings suggest that 
the developed prediction model may offer potential in classifying BRCA1 variants and assessing their potential pathogenicity. 
The variant effect prediction model obtained in this study shows promise and may benefit from further refinement in future 
research.
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Introduction Introduction 
In the human genome, 99.5% of the DNA is common to the population. The remaining 
0.5% is defined as genetic variants and is known as the differences that make each human 
genome unique [1]. These DNA differences, about 0.5%, are linked to various traits such 
as skin color, height, vision, and hearing in individuals [2]. The majority of genetic vari-
ants are single nucleotide variants (SNVs). SNVs are defined as single amino acid vari-
ants (SAVs) at the protein level. Since protein-protein, DNA-protein, and RNA-protein 
interactions play a crucial role in many biological processes, variants occurring in these 
interaction regions can have serious consequences on the phenotype [3-6]. These variants 
result from single base changes that alter the amino acid sequence of the encoded protein. 
They can lead to disease by impacting protein stability, interaction, and enzyme activity 
[7].

The BRCA1 gene, known as Breast Cancer gene 1, is known as a tumor suppressor 
gene. Epidemiological studies estimate that germline mutations in BRCA1 account for 
approximately 5-10% of all breast cancer cases and 15-20% of ovarian cancer cases in 
women, making it one of the most clinically significant tumor suppressor genes [8]. This 
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gene encodes the BRCA1 protein, which contains multiple 
domains and is crucial in hereditary breast and ovarian can-
cer [8]. The BRCA1 protein plays a critical role in ensuring 
the integrity of the genome [9, 10]. The BRCA1 functions as a 
defense mechanism in the cellular response to DNA damage, 
DNA repair, and controlling various cellular processes such as 
transcription, aging, and apoptosis [8, 11, 12]. It also interacts 
with various proteins that are crucial for gene regulation and 
embryonic development [13]. Mutations in three different do-
mains of BRCA1 are implicated in breast and ovarian cancers: 
the N-terminal RING domain, the coiled-coil CC domain, and 
the C-terminal BRCT domains [9]. The domain structure of 
BRCA1 is illustrated in Figure 1.

It is crucial to evaluate the impact of variants found in these 
functional domains and regions in BRCA1 on the human phe-
notype. In the literature, variants are analyzed using experi-
mental methods to determine whether they are pathogenic or 
benign [14]. Nowadays, it is possible to analyze variants using 
computational and machine learning methods [14]. Rather 
than relying on expensive and time-consuming experimental 
methods, analyzing protein sequences with machine learning 
techniques can yield highly effective solutions. Prediction mod-
els can be developed using deep learning and natural language 
processing methods to learn the structure of the protein and 
amino acid sequences and describe their characteristics. The 
literature shows that prediction models based on the sequence 

Figure 1. BRCA1 protein. Human BRCA1 contains an N-terminal RING domain (24-65aa), coiled coil domain (1364–1437aa) 
and two C-terminal BRCT repeats (1646-1863aa).

Figure 2. Schema of the study
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of the protein are developed without using any structural or 
evolutionary information [23].

In this study, a model based on convolutional neural net-
work is proposed to predict the pathogenic effect of variants 
in the functional regions of the BRCA1 protein on the human 
phenotype. A convolutional neural network (CNN) is a class of 
deep learning model that applies convolutional operations to 
structured data such as images and has shown excellent perfor-
mance in various classification tasks [16]. The sequences in the 
functional regions of the BRCA1 were represented using vector 
representation in TAPE [15], a pre-trained natural language 
processing model. The BRCA1 variants have been experimen-
tally verified and obtained from data published in open-access 
databases. 

Materials and MethodsMaterials and Methods
This study assesses the effectiveness of the prediction model in 
determining variant effects and its suitability for different pro-
teins. The schema for the proposed study is given in Figure 2.

Data Collection and Pre-processing
In the study, we used the open-access database ClinVar, where 
variants, with experimentally validated effects on the BRCA1 
protein and were labeled as benign or pathogenic, were filtered 
(Access Date: April 15, 2024). Consequently, a total of 532 
variants for the BRCA1 protein were filtered according to the 
RING domain, CC domain and BRCT domain, resulting in the 
retrieval of 240 variants. The data were filtered according to se-
quence position and variant-forming amino acids, and it was 
observed that the same variants were included on more than 
one occasion in the dataset. The same variants were removed 
from the dataset and the dataset was given its final form. The 
dataset includes 224 variants, with 151 (67.5%) classified as 
pathogenic and 73 (32.5%) as benign. This distribution high-
lights an imbalance between the two classes.

Resampling
For this study, the dataset was divided into training and test 
sets, with 80% of the data allocated to the training set and 20% 
to the test set. To address the class imbalance in the training 
set, we employed the Synthetic Minority Over-sampling Tech-
nique (SMOTE), which generated synthetic data to balance the 
classes. Additionally, 20% of the training set was reserved as a 
validation set.

Feature Extraction
For vectorial representation of the BRCA1 protein, we used 
transfer learning and TAPE embedding techniques. Specifi-
cally, we employed three different methods: Long Short-Term 
Memory (LSTM), Dilated Residual Network (ResNet), and 
Transformer. These methods are based on the research by 
Rao et al. (2019), which focused on protein embedding using 
a semi-supervised approach for various protein-related tasks 
[15]. The pre-trained model and embedding produce a vector 

representation of length 768. This vector was then reshaped 
and converted into an image through a padding process. Ex-
ample protein images are illustrated in Figure 3.

The image size was determined directly from the dimen-
sionality of the TAPE embedding vector. The heatmap is based 
on TAPE embedding values and the color scale represents rel-
ative embedding intensity. Each BRCA1 variant region (e.g., 
RING, CC, BRCT) was represented as a 768-dimensional vec-
tor, which was reshaped to fit a square matrix of 28×28 (784 
total positions). The additional 16 positions were padded with 
zeros to maintain spatial consistency. This standardized input 
size ensures compatibility across all variants, regardless of the 
length of the original amino acid subsequence, as the embed-
dings already provide a fixed-length feature vector.

Classification and Final Model
A convolutional neural network (CNN)-based prediction 
model was developed to assess the deleterious effects of vari-
ants in the functional regions of the BRCA1 protein on human 
phenotypes. Figure 4 shows the architecture of CNN. CNNs are 
a deep learning method widely used in computer vision due to 
their effectiveness. In CNNs, mathematical operations known 
as convolutions are applied between layers to extract and learn 
features from the data. This process enables the network to 
learn features efficiently and speeds up the learning process by 
reducing the dimensionality of the data through pooling op-
erations. The architecture of the CNN used in this study was 
adapted from the LeNet-5 model (16). Additionally, the pre-
diction model was built upon the ProtConv architecture [17], 
as recommended in the study by Sara et al. (2021).

As seen in Figure 4, the network receives a 28x28 two-di-
mensional image as input. This image then passes through six 
consecutive convolutional and subsampling layers, each uti-
lizing a 3x3 filter size. To maintain consistent dimensions, the 
padding process used in ProtConv [17] was also applied here. 

Figure 3. The heat map depicts the distribution of variants 
within a functional region of the BRCA1 protein. (a) Patho-
genic example, (b) Benign example
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Additionally, average pooling, as employed in the LeNet-5 ar-
chitecture [16], was used in this design.

In the prediction model developed for the study, the convo-
lutional layers utilize 8, 16, and 32 filters, respectively. The Rec-
tified Linear Unit (ReLU) activation function [18] was applied 
throughout the network. The output from the convolutional 
layers was flattened and passed through fully connected layers, 
where ReLU was used for the 128 and 64 neurons, while a sig-
moid activation function was employed in the binary classifica-
tion layer. Two dropout layers, not present in the original LeN-
et-5 and ProtConv architectures, were incorporated to enhance 
the model’s performance and prevent overfitting. The binary 
cross-entropy function was used as the loss function in the out-
put layer, and the ADAM optimization algorithm was applied 
for model optimization. The conversion of protein sequences 
from one-dimensional to two-dimensional vectors allows the 
model to effectively learn features in a two-dimensional space. 
In this study, the following steps were followed for hyperpa-
rameter optimization.

•	 Learning rate tuning was performed using three 
values: 0.01, 0.001, and 0.0001. As shown in Figure 8, 0.001 
produced the best results (AUC = 0.92).
•	 Batch size was optimized via experimentation (final: 
batch size = 2).
•	 Dropout regularization layers (rates: 0.25 and 0.5) 
were introduced after the fully connected layers to mitigate 
overfitting - a modification from the base LeNet and ProtConv 
architectures.
•	 Early stopping was monitored using validation loss, 
and binary cross-entropy was used as the loss function.
•	 The optimizer used was ADAM, with default β values.

Performance Evaluation
To assess the effectiveness of the prediction model developed 
in this study, a range of performance metrics were utilized, 
including accuracy (Acc), sensitivity (Sn), specificity (Sp), the 
Matthews correlation coefficient (MCC), and the area under 
the curve (AUC). The formula for the computation using the 
values ​​in the confusion matrix are given below (Equations 
1,2,3,4).

                        		   		      
                                                                                                                       
                          

TN: true negatives, TP: true positive, FP: false positive, FN: 
false negative

Furthermore, loss and accuracy curves versus epoch were gen-
erated for the prediction convolutional neural network (CNN) 
model to assess the extent of overfitting. Binary cross-entropy 

was used to calculate the loss (Equation 5). 
       	
In Equation 5,  is the actual label for each sample (for binary 
classification, this value is 0 and 1), and  is ​​the predicted prob-
ability in model output (positive class).  is the total number of 
samples in the dataset.

ResultsResults
Accuracy and loss values for both the training and validation 
datasets of the convolutional neural network-based prediction 
model, which was developed to assess the pathogenic effects of 
variants in the functional regions of the BRCA1 protein on hu-
man phenotypes, are illustrated in Figure 5. The training accu-
racy and loss value are the outcomes of the resampling process 
using SMOTE. The imbalanced class dataset is not displayed 
here due to the poor quality of the loss value curve.

Figure 4. Architecture of the convolutional neural network

(1)

(2)

(3)

(4)

(5)
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An examination of the curves in Figure 5 reveals that the CNN-
based prediction model achieved optimal accuracy and mini-
mal loss on both the training and validation datasets after 120 
epochs. The results of the analysis demonstrate that the model 
training was successful, with 120 epochs identified as the op-
timal number. Figure 5 illustrates that there is no discernible 

enhancement in accuracy or reduction in loss value follow-
ing the completion of 120 epochs. Although the training and 
validation sets reached 100% accuracy before 120 epochs, the 
training continued to obtain the minimum loss value. The op-
timal batch size for training was found to be 2.

Figure 5. Graphical representation of the accuracy and loss values calculated at each epoch in the developed prediction model 
for the training and validation dataset,  a) accuracy and b) loss values.

Figure 6. The results of the performance evaluation of the developed prediction model
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The results of the performance evaluation for the developed 
pathogenicity prediction model are presented in Figure 6. Bar 
plots were preferred over tabular representation to allow intu-
itive visual comparison of performance metrics. In this figure, 
the results of the model developed using the training set resa-
mpled with the SMOTE method are compared with the model 
developed using the imbalanced class training set without resa-
mpling. The comparison is based on the following metrics: Acc, 
Sn, Sp, AUC, and MCC.

The initial step involved utilizing an imbalanced class data-
set to train the model to facilitate the prediction of BRCA1 
variants. The model demonstrated an Acc of 0.82, a Sn of 0.66, 
a Sp of 0.90, an AUC of 0.86, and an MCC of 0.59 on an im-

balanced class dataset. Subsequently, the dataset was resampled 
using the SMOTE method and employed for training the mod-
el. The model achieved an Acc of 0.91, a Sn of 0.87, a Sp of 0.93, 
an AUC of 0.92, and a MCC of 0.80. The results demonstrate 
that the second model exhibits superior predictive perfor-
mance compared to the first model. Although the first model 
achieved a specificity of 0.96, it is evident that it is unable to ac-
curately predict whether BRCA1 variants are pathogenic or be-
nign. In comparison, the second model demonstrated superior 
performance, with an AUC of 0.92, and was more effective in 
predicting the pathogenicity of BRCA1 variants. The detailed 
receiver operating characteristic (ROC) curve and AUC for the 
model trained on resampled data using the SMOTE method 
are illustrated in Figure 7.

In the present study, the learning rate for the model developed 
was investigated at the following values: 0.01, 0.001, and 0.0001. 
The learning rate exerts a significant influence on the predic-
tive performance of a CNN model. A relatively high learning 

rate may impede the acquisition of crucial features within the 
dataset, whereas a low learning rate may result in the model 
learning for an extended period, leading to a decline in predic-
tion accuracy. Consequently, this study aimed to examine the 
impact of varying learning rates on the model’s predictive capa-
bilities. The results of this investigation are presented in Figure 
8, which depicts the predictive performance of the developed 
model at different learning rate ratios.

As illustrated in Figure 8, the model with a learning rate of 
0.001 exhibits superior performance compared to models with 
alternative learning rate values. Accordingly, with a learning 
rate of 0.001, the Acc was calculated as 0.91, the Sn as 0.87, the 
Sp as 0.93, the AUC as 0.92, and the MCC as 0.80. Therefore, 

Figure 7. ROC curves for the model utilizing the SMOTE 
dataset

Figure 8. Evaluating the performance of the model at varying learning rates
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the learning rate of 0.001 was identified as the optimal parame-
ter for achieving the highest performance of the model. To pro-
vide a clearer understanding of the classification performance, 
the confusion matrix of the final CNN model is presented in 
Figure 9.

DiscussionDiscussion
The objective of this study was to evaluate the effectiveness of a 
convolutional neural network (CNN)-based deep learning ap-
proach in forecasting the pathogenic implications of BRCA1 
protein variants on phenotypic expression. This was achieved 
through the analysis of amino acid sequence data. In this study, 
the predictive model was developed to predict BRCA1 pro-
tein variants using variants obtained from specific regions of 
the BRCA1 protein. The sequence spanned the RING domain, 
the coiled-coil domain, and two C-terminal regions, encom-
passing a total of 1,863 amino acids. The TAPE embedding 
method, a pre-trained language model designed specifically 
for proteins, was employed to generate feature vectors from the 
variant sequence data. Subsequently, the feature vectors were 
transformed into square-shaped, single-channel images, which 
were employed to train a deep learning algorithm that inte-
grates a convolutional neural network (CNN). The efficacy of 
the predictive model concerning BRCA1 variants was assessed 
utilizing an array of performance metrics, including Acc, Sn, 
Sp, AUC, and MCC. This approach furnished a comprehensive 
evaluation of the model’s effectiveness.

While more advanced algorithms, such as wavelet, Hilbert, 
and Fourier transforms, could be employed to convert BRCA1 
protein variant sequences into enhanced images, this study 
aimed to demonstrate the feasibility of using basic image con-
version techniques for variant effect prediction. Thus, we uti-
lized fundamental methods in developing the transformation 
techniques and prediction models. Our findings indicate that 
the proposed model achieves satisfactory results in predicting 

the pathogenic effects of BRCA1 protein variants on the phe-
notype.

It has been demonstrated in numerous studies that models 
developed using data sets with class imbalance will result in 
learning that is biased toward the majority class. The prevalence 
of the biased class results in an increase in false predictions and 
a tendency for the deep learning model to overfit. It has been 
proposed that resampling can be conducted using the SMOTE 
method to address this issue [19]. Nevertheless, despite the 
SMOTE method’s efficacy in addressing class imbalance, its 
impact on model performance remains to be elucidated [20]. 
Similarly, the literature indicates that different hyperparameter 
values impact the success of deep learning models with hyper-
parameter optimization [21]. For this purpose, we employed 
resampling with the SMOTE method to develop the most effec-
tive models and conducted hyperparameter optimization with 
diverse learning rate values.

This section presents a comparative analysis of the predic-
tion outcomes produced by the developed model. The most 
successful model for predicting the pathogenic effects of vari-
ants identified in the functional domains of the BRCA1 pro-
tein, based on the observed phenotype, was developed using 
the SMOTE representation and a learning rate value of 0.001. 
The results obtained from the predictive model developed in 
this study indicate that BRCA1 variants can be classified with 
an accuracy of 91% (sensitivity of 93%). Furthermore, the 
model demonstrated a robust capacity for accurately classify-
ing both benign and pathogenic variants, attaining an AUC 
value of 92%. These results suggest that the developed predic-
tive model has the potential to categorize BRCA1 variants and 
evaluate their associated pathogenicity.

In the existing literature, studies utilizing deep learning 
methods for the prediction of BRCA1 pathogenicity employ 
a diverse array of data, including DNA sequence data, clini-
cal-pathogenic data, experimentally measured data, evolution-
ary conservation information, and a multitude of structural 
feature sets. The reported AUC values for these studies were 
0.85 and 0.82, respectively [22, 23]. While the experimental 
data and evolutionary conservation information of the variants 
are important in supporting the success of the model, the AUC 
values obtained did not demonstrate high performance. In an-
other study, an AUC of 93% was obtained with a prediction 
model developed using tertiary protein structures for variants 
in the BRCA1 functional region. However, an accuracy of 85% 
could not be achieved [24]. In this study, a highly successful 
prediction performance was achieved (AUC: 0.92, accuracy: 
0.91, specificity: 0.93) with the convolutional neural network 
method developed using only BRCA1 variant sequence data. 
Therefore, the successful prediction performance achieved 
with a limited amount of data by using only BRCA1 variant 
sequences and the image-converted data of these sequences as 
data in this study demonstrates the viability of this study as a 
model for pathogenicity prediction of BRCA1 variants. Fur-
thermore, the high prediction performance achieved by using 
basic methods in converting sequence data into images in this 

Figure 9. Confusion matrix of the final CNN-based predic-
tion model trained on the SMOTE-resampled dataset



254  |  VOLUME 9 ISSUE 4  |  OCTOBER 2025   

study indicates that the performance of the study can be en-
hanced by employing more sophisticated methods.

One of the key limitations of this study is the absence of 3D 
structural information of the BRCA1 protein in the prediction 
process. While protein folding, structural stability, and do-
main-level interactions are known to play a significant role in 
variant pathogenicity, our model relies solely on sequence-de-
rived embeddings. This simplification was intentional, to assess 
the predictive power of sequence-only representations in a 
novel image-based framework. However, integrating structural 
biology features such as solvent accessibility, secondary struc-
ture annotations, contact maps, or folding stability metrics 
(e.g., using tools like FoldX, DSSP, or AlphaFold2) may further 
enhance model accuracy and biological interpretability. We 
propose the incorporation of such structure-aware features as a 
future research direction.

Reviewing the literature on variant effect prediction reveals 
that existing studies often focus on the structural features of 
proteins, which can overshadow the development of prediction 
models based on amino acid-level features. In this study, we 
created a feature vector for each amino acid in the protein se-
quence using the transfer learning method (TAPE). This vector 
was then converted into an image, enabling the development of 
a successful pathogenicity prediction model using a convolu-
tional neural network. In this study, we have demonstrated that 
variant effect prediction can be achieved using both natural 
language processing and image processing methods, thereby 
eliminating the necessity for structural property information 
of amino acids.

In the literature, we have not met any study that developed a 
prediction model using image representation for assessing the 
pathogenicity of BRCA1 variants. Thus, we can say that utiliz-
ing an image representation-based deep learning method to 
predict the impact of BRCA1 protein variants on the pheno-
type as either benign or pathogenic, represents a novel contri-
bution to the literature.

The high predictive performance of the model, particu-
larly in classifying variants within the RING, CC and BRCT 
domains, supports the biological relevance of these regions 
in BRCA1 function. These domains are known to mediate 
DNA repair, transcriptional regulation, and protein–protein 
interactions. The successful classification of variants in these 
regions suggests that the model may capture features associ-
ated with structural or functional disruption, although addi-
tional structural validation is needed. This study is limited by 
its exclusive focus on BRCA1 missense variants and its reliance 
on sequence-derived embeddings without incorporating evo-
lutionary or structural information. The dataset is relatively 
small and imbalanced, which may lead to potential overfitting 
despite our use of SMOTE resampling and dropout regulariza-
tion. Moreover, as no comparative analysis with existing vari-
ant effect prediction tools was conducted, the relative perfor-
mance of the model remains unvalidated.

Future work will focus on extending the model to include 
variants from additional cancer-related genes, comparing its 

performance with established tools such as SIFT, PolyPhen-2, 
and REVEL. Furthermore, incorporation of structural bi-
ology-derived features (e.g., solvent accessibility, secondary 
structure, and contact maps) may enhance the biological inter-
pretability and accuracy. Feature visualization techniques like 
Grad-CAM will also be explored to better understand the con-
tribution of embedding regions to pathogenicity classification. 
Future research will aim to broaden the dataset across multi-
ple genes and incorporate comparative performance analysis 
against established models.

ConclusionConclusion
In this study, a deep learning model based on natural lan-
guage processing and image representation was developed for 
the classification of variants in the functional regions of the 
BRCA1 protein as pathogenic or benign. An imbalanced data 
set was subjected to a resampling method, and hyperparameter 
optimization was conducted to enhance the model. The results 
demonstrated that a deep learning model was developed that 
exhibited 93% sensitivity in the prediction of benign BRCA1 
variants, 92% AUC, and 91% accuracy in both class predictions 
(pathogenic and benign).

The developed model demonstrated that variants in the 
functional regions of the BRCA1 protein can be predicted 
using natural language processing and image representation, 
without the use of structural features. The variant effect pre-
diction model obtained in this study shows potential and may 
benefit from further refinement in future research. In future 
studies, model performance can be improved by using dif-
ferent and more complicated image representation methods, 
pre-training models such as ResNet, VGG, GoogleNet, transfer 
learning, and hyperparameter optimizations.
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