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Abstract

Pleuro-pulmonary Blastoma (PPB) is an uncommon childhood illness caused by embryonic malignancies that have aberrant tissue growth
on the pleural surfaces and in the lung parenchyma. Tumors can develop by several methods, allowing them to be categorized into catego-
ries I, II, and II1. Each type is associated with distinct variances in the age at which they are diagnosed and the prognosis. Our goal was to
provide a comprehensive examination of the relevant literature, outlining the features of these tumors and the use of multidisciplinary
approaches to treat them, with a specific emphasis on surgical intervention. As described in prior writings, pathologists use patient samples
such as MRI scan images, DNA sequencing, etc., to predict and categorize PPB variations. Various machine learning methods are utilized
to extract features from proteins according to their protein family, but in the suggested methodology, we used various deep learning models
to automatically extract features and for classification. We considered using Deep Learning algorithms, such as ResNet-based Convolu-
tional Neural Network (CNN) and Long Short-Term Memory (LSTM), by taking into consideration protein sequence as input data to obtain
accurate results and perform the prognosis of type I, 11, and III. We discover the connection between the functional annotations of unaligned
amino acid sequences and these deep learning models.
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1. Introduction

Worldwide, cancer kills more people than any other disease today. The key to a favourable prognosis is being diagnosed early. Liver, lung,
prostate, cervical, and breast cancers are only a few of the many types of this disease. According to Global Cancer Statistics 2020, there
are around 36 distinct cancers that affect people across the globe. While there are various cancers, lung cancer is by far the most prevalent.
As of 2020, it is expected to have a death rate of 1.8 million, or 18 percent, making it a leading cause of death [1]. The primary focus of
this essay is lung cancer and its variations. There are essentially two types of lung cancer variations that can exist. These types of lung
cancer are prevalent in children, and among them is non-small cell lung cancer, which is also known as pleural pulmonary blastoma PPB
in children. It is a type of cancer that typically affects children and develops in the chest. The term used to describe the presence of a
condition in the lungs or their covers is pleura. Types I, 11, and III of pleuropulmonary blastoma are recognized. Symptoms of pulmonary
blastoma type 1 (PPB) include the growth of cysts in the lungs in infants and young children [2]. There are two types of pleuropulmonary
blastomas (PPBs). Type II PPBs have both solid and cystic components, while Type III PPBs are solid neoplasms only. Type II and Type
I1I PPB are common in children older than 2 years old. Another type is Type I-r, characterized by regression or regressing, and it is found
in PPB. The Type I-r will have a similar appearance to Type I PPB. Unlike Type I, Type I-r does not exhibit malignant cells. As previously
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stated, the occurrence of Type I, II, and IIT PPB is more prevalent in children below the age of eight. PPB can occasionally impact individ-
uals of both adult and adolescent age groups. Type I PPB can occur in individuals of all age groups.

Type I PPB cases in youngsters may be overlooked when comparing them to Type II and Type III PPB. Approximately 89 percent of Type
I cases can be cured; however Type Il and Type III PPB may continue to occur. Recent studies indicate that between 50 and 70 percent of
children with these malignancies have achieved a cure. Surgery or chemotherapy is used to treat Type I tumors, while Type II and Type
III cancers are treated with radiation therapy in addition to other treatments [3,4].

The following symptoms are frequently observed in children with PPB, according to the National Organization for Rare Disorders: 1)
Respiratory Distress or Breathing Difficulties (dyspnea), 2) Pneumonia/General disease symptoms include fever, headache, fatigue, cough-
ing, and difficulty breathing. DICER1 gene variation in the person or family is the primary underlying cause of PPB [5,6].

Early cancer detection is necessary to reduce patient risk; first, we must forecast the type of cancer and take appropriate action. We intro-
duced Deep Learning Models for PPB prediction and classification. We used deep learning models rather than machine learning algorithms
in the proposed methodology because machine learning algorithms required us to manually extract features from proteins for categorization,
whereas deep learning models do so automatically. In this study, we focus on deep learning models that use protein sequences from PPB
patients' genome data to categorize data.

2. Literature Survey

Sun, Y et al [7], using deep learning in genomes, these techniques allow us to discover connections between genetic variants and pheno-
types. All of the genomic variants are considered without regard to segregating locations. This technique makes use of biological neural
networks, which are then used to build new deep neural network models for recognizing cancer through a large number of mutations. The
GDL approach combines model training and data processing. They used 6083 datasets, 12 cancer type variants from diverse samples, and
1991 healthy individuals from the 1000 Genomes Project database. Mutect2, a Bayesian classifier, detects somatic mutations. They illus-
trated with a Tensor Flow Deep Neural Network model. In this multi-class classification issue, accuracy, loss, validation accuracy, and
validation loss are calculated from all validation subset data.

Song, Y [8], explored artificial intelligence (Al) models to predict the presence of EGFR and KRAS mutations using CT characteristics.
For non-small cell lung tumors, these two models serve as genetic markers. Shape, statistics, pathology, and deep learning were extracted
from 144 tumor CT scans. Using data from ResNet-34 feature extraction, logistic regression, support vector machine, and random forest
were trained to enhance deep learning. Performance evaluation uses confusion matrices, 10-fold cross-validation, and ROC curve area.
Logistic regression and support vector machines perform well and have accuracy rates of 85% and 84% for predicting EGFR mutations,
respectively. SVM exhibits the best results and has an accuracy of roughly 73% for KRAS mutation prediction.

Adetiba, E [9], compares the experimental results for both the ensemble and non-ensemble types of lung cancer between SVM and the
artificial neural network. For training, they use nucleotide and mutation samples from patients. ANN ensemble and HOG produce the best
results, with an accuracy rate of 95.90 percent and a mean square error of 0.0159. Ensemble learning, which involves merging numerous
deep CNN learners, was employed for pulmonary nodule classification [10]. The LIDC-IDR1 database is used to extract 743 nodules for
this purpose using CT image patches. Using 10-fold cross-validation, they trained and evaluated eight deep CNN learners with different
architectural designs. By utilizing ensemble learners, we are able to achieve an impressive prediction accuracy of 84%.

Shaikh, F [11] assesses the efficacy of machine learning and deep learning methodologies in modeling the evolution of cancer in their
research study. The participants engaged in a comprehensive discussion on different machine learning techniques, highlighting their
strengths and weaknesses in terms of forecasting various types of cancer. They presented multiple case examples, each showcasing the
precision of a certain machine learning classifier. The study discovered that Artificial Neural Networks (ANN) are extensively utilized and
apply several alternative learning methodologies to predict diverse types of cancer. Although the outcome was satisfactory, there is room
for improvement in the preparation of the experiment to ensure consistent data quality and quantity.

As mentioned above, researchers apply a variety of ML and DL algorithms for the categorization and prediction of lung cancer, pulmonary
nodules, and other types of cancer. Pleura Pulmonary Blastoma prediction and categorization based on the information gathered from the
Genome Sequence was the main focus of this paper.

3. Methodology

3.1 Data collection

Dicerl .xIsx, which contains attributes such as variation, protein sequence, and class, DICER family, was used to compile the data from
927 patients for the prediction and categorization of PPB variants. Table 1 [12] contains the dataset's metadata information.

Table 1: Metadata Information of the Dataset

Column name Type
Variant String
Protein Sequence
Family String

Class Number

3.2 Data Preprocessing

The most important phase in a machine learning or deep learning model, if the data consists of categorical rather than numerical data, is
data preparation. The 20 amino acid protein sequence cannot be directly input into the deep learning model, so I used one-hot encoding,
which replaces the protein sequence code with numerical values such as A-1, C-2, D-3, E-4, G-5, H-6, etc. If the code is not found in the
dictionary, it replaces it with 0 [13].

Based on the protein sequence obtained, several ML techniques are used to predict and categorize pleural pulmonary blastoma [14]. Orig-
inally, we used the dataset, which is a collection of .fasta sequences. A single line describing the sequence data is followed by a certain
number of lines in the .fasta format. The first character in this format is greater than the symbol. These .fasta files are used as input in a hot
encoding technique to extract K-mer counts or n-grams; using these k-mer counts, we were able to identify several protein variations and
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classify their sequences [15]. These protein sequences are utilized as input to the machine learning algorithm, which uses them to classify
data. The procedure described above is depicted in Fig. 1 using a flowchart. Since extracting characteristics from data is the fundamental
challenge for machine learning algorithms, we used a variety of deep learning models to predict the PPB here [16].

3.3 Deep learning Classification Models
We presented two deep learning models—Bidirectional LSTM and ResNet-based CNN—to circumvent bottlenecks produced by machine
learning algorithms [17, 18,19]. Basically, twenty different types of amino acids make up protein sequences; these amino acids determine

the structure and function of these protein sequences. Therefore, I need to comprehend the relationship between amino acids and protein
sequence for categorization to anticipate pleural pulmonary blastoma. The proposed methodology's process flow is depicted in Fig. 2 [20].

Input dataset (.Fasta files)

One hot encoding / ordinary vector/ DNA
sequence as language

k-mer count / N-gram

Protein sequence

k2

Variants classification

Analyze the performance metrics confusion
matrix/Accuracy/Precision/Recall/F1 Score
Fig.1: Steps in Pre-processing

CNN

Convolution 1D

Batch normalization

Annotation functions

N-gram or k-mer count Convolution 1D

One hot encoding

Batch normalization

Input sequence

Protein Sequence (amino
aicds) Max pooling

Bi directional LSTM

classification

Fig.2: Process flow of Proposed Methodology

The detailed description and model architecture of these algorithms are given below
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3.4 Bi-Directional LSTM

By feeding the output of one state into the input of the next, this type of recurrent neural network can retain information about the input
sequence. When the input is a shorter sequence, an RNN is frequently utilized. Because they have the unique ability to retain only a subset
of prior knowledge for an extended length of time, these LSTM neural networks are updated or improved versions of RNNs. They can
remember the desired information and delete the undesired information by using this function. A bi-directional long short-term memory
takes in data in two directions: first, from the past, and second, from the future. Fig. 3 [21] depicts the Bidirectional LSTM architecture.

ast sequence

[ concat | | concat | [ concat | | concat |

~——LSTM = LSTM = | — LSTM <——LSTM = ——
e | Sy | ] sra )
—— = LSTM —— = LSTM —»

embedding

X1 X2
Fig.3: Bidirectional LSTM architecture

This model employs two varieties of RNN, one for backward selection and the other for forward selection. This model's initial layer
employs an embedding layer to transform words into 64-by-128-pixel vectors, following which a bidirectional LSTM is used with 128-by-
128-pixel filters, and finally, the output is handed to a dense layer for output flattening. The categorization in this model is done using the
softmax function. The suggested bidirectional LSTM's full design is shown in Table 2 [22, 23].

Table 2: Complete Architecture of Proposed Resnet-Based CNN

Layerl (typel) Outputl Shapel Paraml #
Inputl 1 (Input Layer) [(None, 40)] 0
Embeddingl (Embeddingl) (None, 40, 64) 1408
Bidirectional (Bidirectional) (None, 128) 66048
Dropoutl (Dropoutl) (None, 128) 0

Densel (Densel) (None, 5) 645

ResNet-based CNN: It repeatedly employs CNN blocks and residual blocks. To avoid the vanishing gradient problem with ResNet-based
deep neural networks, the challenge is to train the data. By using a skip connection or shortcut connection and adding initial input to the
output of the block of the convolution layer, CNN introduces blocks of residuals. Fig. 4 shows a single residual block [24].

X
\d
weight layer
weight layer dentity

Fig.4: Single Residual block

We must extract the features from the dataset using a ResNet-based CNN, which uses blocks of CNN layers. This model makes use of
hyperparameters like the kernel size and the number of filters. The suggested ResNet-based CNN's whole architecture is displayed in Table
3 [25]. The words are transformed into a vector using the first layer in this suggested model, which has a 64-dimensional embedding layer.
The model then uses 4 convolution layers with filters of 128 and a kernel size of 2X2 to extract features using a ReLU activation function.
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The model applies batch normalization following each convolution and utilizes residual blocks of CNN with filters of 128 [26]. Incorpo-
rating a 2x2 max pooling layer reduces the feature map dimensions, which are subsequently flattened into a single column vector. The
layer dense with neurons of sizes 128 and 64 receives the output last. For classification purposes, this model employs the multi-class
classification function known as softmax [27].

Table 3: Complete Architecture of Proposed Resnet-Based CNN

Layerl (type) Output] Shapel Param] # Connected by

Inputl 2 (Input Layer) (None, 40, 22) 0 1l

convldl (ConvlDI) (None, 40, 128) 2944 ['inputl 2 [0] [0]']

Batch normalization] (Batch Normalizationl) (None, 40, 128) 512 [‘conv1dl [0][0]']

Activationl (Activationl) (None, 40, 128) 0 ['batch-normalization1’]
convldl 1 (ConvlD) (None, 40, 128) 16512 [‘activation]’]

batch normalizationl 1 (None, 40, 128) 512 ['‘convldl 1 [0][0]']
Activation 1 (Activation) (None, 40, 128) 0 ['batch normalizationl 1]
convldl 2 (None, 40, 128) 49280 ['activation] 1 [0] [0]']

Add (Add) (None, 40, 128) 0 ['‘convld 2[0][0]', ‘convld [0] [0]']
batch normalization 2 (Batch Normalization) (None, 40, 128) 512 [‘add [0] [0]']

Activation 2 (Activation) (None, 40, 128) 0 ['batch normalization 2 [0] [0]']
convld 3 (ConvlD) (None, 40, 128) 16512 ['activation 2 [0] [0]']

batch normalization 3 (None, 40, 128) 512 ['convld 3 [0][0]]

activation 3 (Activation) (None, 40, 128) 0 ['batch normalization 3]
convld 4 (ConvlD) (None, 40, 128) 49280 ['activation 3 [0] [0]']

add 1 (Add) (None, 40, 128) 0 ['‘convld 4 [0][0]', ‘Add [0] [0]']
Max1 poolingld (Max1Pooling1D) (None, 13, 128) 0 ['add 1 [0][0]1

Dropoutl 1 (Dropoutl) (None, 13, 128) 0 ['max1 pooling [0] [0]']
Flattenl (Flattenl) (None, 1664) 0 ['dropout 1 [0][0]']

Densel 1 (Densel) (None, 5) 8325 [‘flatten [0][0]']

In summary, the methodology integrates genomic preprocessing, deep learning model construction (BiLSTM and ResNet), and perfor-
mance evaluation. The following section presents the results of these models, comparing their predictive performance and analyzing their
diagnostic potential.

4. Results and Discussion

The dataset comprises 60,000 protein sequences split into 70 percent, 10 percent, and 20 percent for training, validating, and testing pur-
poses. The models are tested with a GPU processor and 16 Bytes of RAM. The model counts the number of codes, or amino acids, present
in each sequence; typically, this ranges from 40 to 250 characters. Fig. 5 [28] displays the sequence counts.

Sequence char count: Protein

10 4

Density

|

I] T 1 T 1 L 1 1
40.0 40.5 41.0 41.5 420 425 43.0

Fig.5: Sequence count Protein

Next, the model determines the frequency of each unaligned sequence's code; the findings are displayed in Fig. 6 [29, 30]. Training and
Validation Accuracy, as well as Losses of the Bidirectional LSTM for the provided data, are shown in Fig. 7. Here are the training and
validation accuracy and loss statistics for the provided data of ResNet CNN: Fig. 8.
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Fig.7: Bidirectional LSTM validation, training accuracy, and loss
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Fig.8: ResNet-based CNN training accuracy, validation, and loss

The data is classified using two different deep learning models. The model comparison is based on different parameters like accuracy, loss,
val_accuracy, and val loss. These are evaluated based on the number of epochs [31]. Table 4 shows the comparison matrix of these models.

Table 4. Proposed Model Comparison

Model Epochs Loss Accuracy Val Loss Val accuracy
Bidirectional LSTM 10 0.6827 0.9068 0.9134 0.6828

20 0.4836 0.7959 1.1380 0.6613

30 0.8319 0.6919 0.8144 0.7527
ResNet-Based CNN 10 0.6449 0.7851 1.3600 0.7151

20 0.5530 0.8797 1.9816 0.7204

30 0.2866 0.9324 3.1818 0.6935

Ethical considerations are critical, particularly regarding bias in genomic data, which may disproportionately represent certain populations.
Future datasets should ensure broader representation to avoid skewed diagnostic outcomes. Another concern is scalability—deep learning
models require significant computational infrastructure, which may limit adoption in low-resource settings. Cloud-based deployment or
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lightweight model compression (e.g., pruning, quantization) could improve accessibility. Finally, collaboration with clinical institutions is
necessary to validate and benchmark these models against established diagnostic methods in real-world scenarios.

5. Conclusion

This paper introduced deep learning models for predicting Pleuro-pulmonary Blastoma by providing input data in protein sequences. These
models extract features automatically from the protein sequences and provide a more accurate and efficient method for detecting the variant
of PPB. This methodology enhances the connection between functional annotations of amino acid sequences and PPB classification. This
paper compares two different deep learning models based on their performance: Bidirectional LSTM and ResNet-Based CNN. ResNet-
based CNN outperforms Bidirectional LSTM in terms of both training and validation accuracy. Using these advanced algorithms leads to
more precise diagnostic and prognostic capabilities and improves patient outcomes. In the future, this work can be extended by exploring
hybrid deep learning models such as CNN-Transformers, which may capture more complex genomic patterns. Using multi-modal data that
combines genomics with imaging (CT scans or histopathology) could further improve diagnostic accuracy. Expanding the dataset to include
larger and more diverse patient groups will also help reduce bias and increase generalizability. Finally, close collaboration with clinical
institutions will be essential to validate the models in real-world settings and support their integration into practical diagnostic workflows.
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