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Abstract 
The rapid advancement of next-generation sequencing (NGS) technology and the expanding availability of NGS datasets have led 
to a significant surge in biomedical research. To better understand the molecular processes, underlying cancer and to support its 
development, diagnosis, prediction, and therapy; NGS data analysis is crucial. However, the NGS multi-layer omics high-dimensional 
dataset is highly complex. In recent times, some computational methods have been developed for cancer omics data interpretation. 
However, various existing methods face challenges in accounting for diverse types of cancer omics data and struggle to effectively 
extract informative features for the integrated identification of core units. To address these challenges, we proposed a hybrid feature 
selection (HFS) technique to detect optimal features from multi-layer omics datasets. Subsequently, this study proposes a novel hybrid 
deep recurrent neural network-based model DOMSCNet to classify stomach cancer. The proposed model was made generic for all four 
multi-layer omics datasets. To observe the robustness of the DOMSCNet model, the proposed model was validated with eight external 
datasets. Experimental results showed that the SelectKBest-maximum relevancy minimum redundancy-Boruta (SMB), HFS technique 
outperformed all other HFS techniques. Across four multi-layer omics datasets and validated datasets, the proposed DOMSCNet model 
outdid existing classifiers along with other proposed classifiers. 

Keywords: hybrid feature selection; hybrid deep learning; multi-layer omics; molecular signature; classification 

Introduction 
Multi-layer omics profiles play a crucial role in classifying varied 
cancer tumor stages for disease diagnosis and provide different 
layers of biological molecular insights to understand the dis-
ease pathophysiology against treatment [1]. Cancer is a hetero-
geneous disease that deregulates cellular functions across var-
ious cell molecules, where these molecules interact and mutu-
ally influence each other in reprogramming cellular functions. 
Recently, advanced next-generation sequencing (NGS) technolo-
gies have increased tremendously in interpreting cancer clas-
sification, prediction, and treatment [1]. However, NGS multi-
layer omics datasets are inherently complex, characterized by 
high dimensionality, extensive redundancy, and significant het-
erogeneity, making it difficult for machine learning and deep 
learning (DL) models to generalize well [2–4]. Reducing the dimen-
sionality of data generated by NGS technology is a complex task. 
Feature selection (FS) is one of the important approaches that 
can reduce dimensionality from the high-dimensional NGS data 
and improve the model performance during classification, and 
identification [3, 5, 6]. The FS techniques not only enhance model 

performance but it can also able to identify molecular signatures 
or markers or biomarkers and putative target agents and help 
in understanding the molecular signatures function for specific 
diseases. 

The field of DL has developed a multitude of techniques for 
diverse downstream analysis, and recently, these methods have 
been applied to a broad spectrum of problems, exhibiting consid-
erable promise in biomedical applications [7]. DL in multi-omics 
data classification etc. has emerged as a powerful approach to 
integrate and analyze different layers of biological information, to 
better understand diseases like cancer [8, 9]. The “curse of dimen-
sionality” presents a major obstacle when applying DL models to 
categorize NGS data [9, 10]. However, various existing methods 
face challenges in accounting for diverse types of cancer omics 
data and struggle to effectively extract or detect informative 
features for the integrated identification of core units. 

In this study, we set out to address the challenge of building 
a DL-based model for classification between stomach cancer 
(SC) and normal tissue samples using multi-layer omics data. 
The SC or gastric cancer is the second dominant cause of
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cancer-related mortalities, with the majority of diagnoses and 
fatalities occurring in Asia [11]. The Lauren Classification and 
the World Health Organization (WHO) Classification are the 
two most popular methods for histologically classifying SC [12]. 
Based on tissue form and growth patterns, the Lauren Classifi-
cation classifies stomach adenocarcinomas into three primary 
categories: mixed, diffuse, and intestinal. More specifically, the 
WHO classification categorizes SC into the following histological 
subtypes: tubular adenocarcinoma, mucinous adenocarcinoma, 
papillary adenocarcinoma, and signet-ring cell carcinoma. Four 
molecular subtypes of SC have been identified by the Cancer 
Genome Atlas (TCGA) project: chromosomal instability (CIN), 
Epstein–Barr virus (EBV), microsatellite instability (MSI), and 
genomic stability [13–16]. EBV-positive tumors have significant 
levels of DNA hypermethylation, amplification of PD-L1 and PD-
L2, as well as recurrent mutations in PIK3CA and ARID1A. MSI  
tumors are more prevalent in the elderly and patients and are 
characterized by a lack of mismatch repair. Low somatic copy 
number changes, and RHOA and CDH1 mutations are found in 
stomach malignancies. RTK/Ras-focused amplification and non-
diploidy are characteristics of CIN tumors, which are more preva-
lent in the gastroesophageal junction. In this study, the primary 
tumor of stomach adenocarcinomas over adjacent normal solid 
tissue dataset of the TCGA-Stomach Adenocarcinoma (STAD) 
project was used to conduct the experiments. 

The initial goal of this study is to identify robust feature pat-
terns through hybrid feature selection (HFS) techniques for clas-
sifying primary tumors of SC and identifying molecular signatures 
using multi-layer omics datasets namely Exon, mRNA, miRNA 
expression, and DNA CpG site methylation, respectively. Reducing 
the number of features upfront minimizes the risk of overfitting, 
improves computational efficiency, and allows the model to focus 
on the most relevant information for classification and prediction. 
In the proposed study, we proposed a hybrid deep recurrent 
neural network (HDRNN)–based model for the classification of 
primary tumor of SC over normal samples by integrating the HFS 
technique. The proposed HFS techniques combine filter–filter– 
wrapper and filter–filter–embedded approaches. The hybrid tech-
niques are applied to improve the robustness of the model during 
classification by identifying the most relevant features from the 
multi-layer omics data. Thereafter, we employed existing classi-
fication models of long short-term memory (LSTM), grated recur-
rent unit (GRU), and their extension with the features obtained 
from HFS techniques. The experimental results of existing and 
proposed models’ (LSTM, GRU, and their extensions) performance 
with HFS techniques did not show any improvement in terms of 
accuracy score for all multi-layer omics data. Consequently, we 
proposed three hybrid DRNN models namely (i) Bidirectional Long 
Short-Term Memory (BiLSTM) - Bidirectional Gated Recurrent 
Unit (BiGRU) as (DOMSCNet), (ii) BiLSTM–BiGRU-attention, and 
(iii) BiLSTM-attention–BiGRU-attention to classify the SC versus 
normal solid tissue samples. To observe the robustness of the 
proposed model, validation experiments were performed with 
eight external multi-layer omics datasets of NCBI Geodataset and 
TCGA-Liver Hepatocellular Carcinoma (LIHC) project. 

Related works 
Recently, the DL approach entered into a transcriptomic, 
epigenetic, and genomic era to evaluate cancer diseases. In 
this section, the methodology of the existing works is surveyed 
based on two criteria: (i) HFS techniques for dimensionality 
reduction of omics data and (ii) DL-based algorithms for the 

classification of cancer utilizing various omics data. Several 
DL-based classification methods, including deep neural networks 
(DNNs), convolutional neural networks (CNNs), Recurrent Neural 
Network (RNN), CNN–RNN integration, etc., were introduced in 
the existing study. In recent years, Dutta et al. [9] developed a 
self-attention-based deep multi-criteria model for the analysis of 
disease prognosis using transcriptomic and proteomics datasets. 
Bhonde et al. [17] used hybrid particle swarm optimization, 
principal component analysis (PCA), and random forest to reduce 
dimensionality from gene expression data. Bhonde et al. [17] 
again applied CNN and Bidirectional LSTM (BiLSTM) classifiers 
for the classification of cancer and achieved an accuracy of 96.89. 
Metipatil et al. [18] proposed a CNN–BiLSTM model for predicting 
cancer using a gene expression dataset and achieved an accuracy 
of 98.3. Susmi [19] developed an optimal BiLSTM with a self-
attention mechanism and remora optimization algorithm for the 
classification of gene expression data. Babichev et al. [20] used  
GRU and LSTM models for the classification of gene expression 
data and GRU achieved the highest accuracy of 97.2. Mallick 
et al. [21] employed LSTM, BiLSTM, and feed forward neural 
network for analyzing the gene–gene interaction dependencies 
for cancer disease. The MRMR-mv FS technique was introduced 
for consolidative analyses and predictive models from multi-
omics data and achieved an average area under curves (AUC) 
score of 0.53 (methylation data) and 0.64 (RNA-Seq data) [22]. 
Sahu proposed an HFS framework that effectively combines filter 
and wrapper methods to enhance cancer classification accuracy 
in multi-omics data by identifying relevant miRNA subsets [23]. 
Tabakhi and Lu [24] proposed a multi-agent architecture model 
to integrate all omics data and enhance cancer classification 
through methylation data. Li et al. [25] proposed the Adversarial 
Variational Bayes AutoEncoder - Multi-Omics Dual-net Feature 
importance Ranking (AVBAE-MODFR) as HFS method, effectively 
enhancing classification performance by evaluating the impor-
tance of multi-omics features. Wang et al. merges the heuristic 
search method and FS method to identify suitable subsets for 
classification and detection of biomarkers [26]. Mahto et al. [27] 
proposed a Cuckoo Search and Spider Monkey Optimization 
(CSSMO)-based FS technique that effectively combines spider 
monkey optimization and cuckoo search algorithms and performs 
cancer classification. Zhou et al. [28] used the LSTM algorithm for 
the prediction of transcriptomic gene expression data. Bhonde 
et al. [17] proposed a method that utilizes BiLSTM–CNN for the 
classification of cancer using a gene expression dataset, with an 
accuracy of 96.89%. In 2024, Chai et al. created a novel contrastive-
learning technique for identifying important cancer subtypes. The 
results revealed that the proposed strategy effectively grouped 
cancer subtypes and identified 14 important genes associated 
with cancer, 12 of which (85.7) were confirmed by a study 
of the literature [29]. The existing study combined the deep 
residual network and VGG-16 architecture to create the Ensemble 
Residual-VGG-16 model for cancer diagnosis from mammography 
images [30]. Huang et al. [31] proposed a differential sparse 
canonical correlation analysis network for classifying breast 
cancer subtypes. Ren et al. [32] proposed a multi-view graph 
neural network (MVGNN) for the classification of breast cancer 
using mRNA and DNA methylation datasets, while Chi-square 
and mRMR FS techniques were used to identify optimal features. 
The model MVGNN obtained a classification accuracy of 0.906. 
A method developed by Mohamed and Ezugwu [33] based 
on PCA–Synthetic Minority Oversampling Technique (SMOTE)– 
CNN for RNA-Seq, miRNA, and DNA methylation datasets of 
the TCGA-Lung Adenocarcinoma (LUAD) project, achieved an
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accuracy of 0.97. Lan et al. [34] proposed a DL-based model 
DeepKEGG for cancer recurrence prediction and biomarker 
detection through the integration of mRNA-pathway, Simple 
Nucleotide Variation (SNV)-pathway, and miRNA-pathway multi-
omics datasets of TCGA-Breast Invasive Carcinoma (BRCA), LIHC, 
Prostate Adenocarcinoma (PRAD), Bladder Urothelial Carcinoma 
(BLCA) projects with the highest accuracy achieved of 0.961. 
Divate et al. [35] proposed a DNN algorithm for classifying 
Pan-cancer gene expression data and obtained an accuracy 
of 0.97. Using the TCGA-BRCA dataset (mRNA, miRNA, gene 
mutations, DNA methylation, and MRI images), Yang et al. [36] 
creatively optimized the neural network topology of a DL model 
using Bayesian optimization, achieving 0.91 accuracy. 

The existing study revealed that the study was not conducted 
for the Exon expression omics dataset, while the proposed study 
is based on the Exon expression dataset along with mRNA, 
miRNA, and DNA methylation omics datasets. The proposed 
method has robustness for the different individual sample 
datasets with improved performance for all datasets of NGS and 
microarray platforms. This integrated approach of HFS-hybrid 
DRNN is especially suited for high-dimensional datasets like 
multi-layer omics data, where the combination of HFS- and DL-
based models enables precise and scalable classification. The 
proposed method has enough parameters with reduced memory 
space, as compared to the basic CNN, transfer learning, and graph 
neural network, which are computationally costly because of their 
large parameter sizes. 

Even though these techniques have been effective in classifying 
cancer samples through omics data, they still have disadvantages 
such as (i) While features are an essential component of perfor-
mance in multi-omics data; existing methods do not focus on 
FS. (ii) The underlying correlations between samples and features 
are typically ignored by some multi-omics data integration tech-
niques, which basically merge multi-omics data as input data. 

Materials and methods 
In this proposed study, HFS techniques are initially applied to 
identify important features from multi-layer omics data rele-
vant to SC over normal tissue. Thereafter, we proposed three 
HDRNN models for the classification of SC using multi-layer 
omics datasets of Exon expression, mRNA expression, miRNA 
expression, and DNA methylation. The proposed methodology 
consists of five different parts. In part 1, we retrieved Exon, mRNA, 
and miRNA expression, and DNA methylation datasets of SC 
and adjacent normal tissue. We preprocessed the raw data to 
remove noise, normalized the data, and identified statistical sig-
nificance features using the Linear Models for Microarray Analysis 
or LIMMA package. Part 2 projected four HFS techniques to find 
relevant features from the multi-layer omics data of SC. Subse-
quently, part 3 conducted classifications of SC over normal tissue 
samples with the existing DL-based models, and part 4 projected 
the proposed HDRNN models. The part 5 included the proposed 
model validation with eight external datasets of the multi-layer 
omics profile. Finally, part 6 provided an extensive bioinformatics 
analysis to validate obtained important top features as molecular 
signatures for SC from the mentioned multi-layer omics data. 
Figure 1 represents the overall process flow diagram of the pro-
posed methodology. 

Dataset 
In the present study, we have used four different layers of omics 
profile data from TCGA-STAD projects such as Exon, mRNA, 

miRNA expression, and DNA methylation data of primary tumor 
of SC over adjacent normal solid tissue. The mRNA expression 
and DNA methylation datasets were retrieved in 2024 from the 
TCGA-GDC portal (https://portal.gdc.cancer.gov/) and Exon, and 
miRNA expression datasets were retrieved in 2024 from the UCSC 
Xena browser (https://xenabrowser.net/datapages/) [37]. The Exon 
expression profile was restrained through the Illumina HiSeq 2000 
RNA Sequencing platform with Reads Per Kilobase of exon model 
per Million mapped reads values. DNA methylation or cytosine– 
guanine dinucleotide (CpG) profile was measured experimentally 
using the Illumina Infinium HumanMethylation450 with beta 
value measured unit. The miRNA mature strand expression is 
measured by RNA-Seq (IlluminaHiseq) technology. The details of 
the dataset such as several SC samples and normal samples along 
with several features that were carried out for this study are 
shown in Table 1. 

Dataset preprocessing 
Preprocessing of the dataset is a vital step for ensuring accurate 
model execution [38]. Here, we eliminated low-expressed features 
and applied KNN imputation to the CpG methylation data to 
address missing values. After that, we removed low-expressed 
features of four multi-layer omics data which have low expression 
values with a threshold (zero counts per row>60) using Python 
language. Subsequently, we applied min–max normalization to 
scale all expression values to a standard range between 0 and 
1, ensuring that the relationships between the original values 
were preserved [38]. The normalization datasets were taken as 
input for statistical significance or differential analysis using the 
LIMMA statistical R environment package [39] and it measured the 
significance of features with P-value, fold changes, and adjusted 
P-value. LIMMA is suitable for the proposed work due to its 
ability to analyze datasets containing microarray and bulk RNA-
Seq data, ensuring consistent analysis across sequencing plat-
forms. LIMMA is a popular and computationally efficient statisti-
cal framework that was created mainly for differential expression 
analysis of high-dimensional microarray data. However, with the 
voom function, which modifies LIMMA for count-based RNA-Seq 
data. Here, we identified different numbers of significant features 
with a threshold of the adjusted P-value (Padj) <.001, using the 
Benjamini–Hochberg (BH) correction threshold. The statistically 
significant features obtained from LIMMA of all four multi-layer 
omics data were used for further analysis. 

Dataset balancing 
The imbalance of the primary tumor of SC and normal solid tissue 
samples mentioned in Table 1 was resolved using the hybrid 
SMOTE Tomek link resampling method. We generated the syn-
thetic normal solid tissue sample data with the SMOTE Tomek 
link algorithm to balance the specimens with primary tumor 
SC sample data for the classification task. The potential risk of 
synthetic data uses such that (i) the data balancing technique 
creates synthetic samples by incorporating preexisting minority 
class samples. If there are noise, outliers, or sparse points in the 
actual data, the generated samples might not fairly represent the 
distribution; (ii) the approach might give samples in the majority 
class region when class boundaries overlap, which could con-
found the model; (iii) additionally, synthetic data can accentuate 
noise or create false clusters, which can lead to overfitting, par-
ticularly in small datasets. On the other hand, dataset imbalance 
creates model training bias, while the model ignores the minority 
class and becomes unduly focused on the dominant class.

https://portal.gdc.cancer.gov/
https://portal.gdc.cancer.gov/
https://portal.gdc.cancer.gov/
https://portal.gdc.cancer.gov/
https://portal.gdc.cancer.gov/
https://xenabrowser.net/datapages/
https://xenabrowser.net/datapages/
https://xenabrowser.net/datapages/
https://xenabrowser.net/datapages/
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Figure 1. Overall process flow diagram of the proposed study. 

Table 1. The details of the used multi-layer omics dataset 

Dataset SC sample Normal sample Number of features Platform 

Exon expression 415 35 2 39 322 NGS 
mRNA expression 359 29 60 659 NGS 
miRNA expression 438 39 1881 NGS 
DNA methylation 113 25 25 975 Microarray 

Initially, we experimented without balancing the dataset but 
it showed underfitting results. However, by addressing the lim-
itations of both oversampling and undersampling, the SMOTE 
Tomek hybrid technique struck a balance. Tomek Links ensures a 
cleaner dataset by eliminating noise and overlapping occurrences, 
while SMOTE boosts minority class representation. The synthetic 
dataset of normal samples generated by the SMOTE Tomek algo-
rithm is depicted in Table 2. 

Proposed hybrid feature selection techniques 
The FS technique is an effective technique for diminishing the 
dimensionality of extensive, intricate NGS data [5, 40]. HFS is 
essential for high-dimensional data as it combines the strengths 
of various FS techniques, addressing the challenges presented by 
large and complex datasets. HFS significantly reduces the issue of 
high dimensionality efficiently by decreasing the feature space. 

In the present work, the dimensionality of NGS data was 
decreased to identify complicated patterns or features that 
enhance model performance and facilitate the identification 
of possible molecular signatures. FS techniques are categorized 
as unsupervised, supervised, and semi-supervised with filter, 
wrapper, and embedded fashion [5, 6]. Here, we proposed four 

HFS techniques with a combination of two-fold supervised filter 
techniques with wrapper and embedded techniques. Hybrid 
approaches can initially eliminate irrelevant features using a filter 
method and subsequently evaluate feature interactions through 
a wrapper or embedded method. Finally, HFS techniques confirm 
the selection of important, non-redundant features, enhancing 
both algorithm clarity and overall performance [5]. 

The first strategy of the FS method combined the Laplacian 
score (LS) [41], maximum relevancy minimum redundancy 
(MRMR) [42], and Boruta [43]. The second strategy combined LS, 
MRMR, and LASSO [44]. Subsequently, SelectKBest (SKB), MRMR, 
and Boruta were all integrated into the third FS method. The 
fourth strategy is FS methods, a combination of SKB, MRMR, and 
LASSO. The final combination of proposed HFS techniques is LMB 
(LS–MRMR–Boruta), LML (LS–MRMR–LASSO), SMB (SKB–MRMR– 
Boruta), and SML (SKB–MRMR–LASSO). These four HFS techniques 
are used to identify relevant features from statistically significant 
multi-layer omics data. We started by using the LS as a filter 
technique to reduce the initial number of features. After the initial 
filtering, we applied MRMR as another filtering method to refine 
and further select the most relevant features. Lastly, we used the 
Boruta algorithm, a wrapper technique, and the LASSO embedded
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Table 2. The details of the used multi-layer omics dataset after the SMOTE Tomek algorithm were applied 

TCGA-STAD dataset SC sample Normal sample Number of features 

Exon expression 415 415 2 39 322 
mRNA expression 359 359 60 659 
miRNA expression 438 438 1881 
DNA methylation 113 113 25 975 

technique to identify the features most effective at distinguishing 
between normal and SC classes. In a similar process for SMB 
and SML FS, we replaced LS with the SKB method as the initial 
filter technique. This allowed us to reduce features before further 
refining and selecting key features. 

LS reduces dimensionality while preserving essential informa-
tion, resulting in models that are both efficient and interpretable 
[5, 45]. The advantage of MRMR is that it helps to simplify model 
training and interpretation while increasing computational effi-
ciency by lowering dimensionality from high-dimensional input 
[6, 43]. SKB is an upfront and speedy FS technique by reduces 
dimensionality from the data [46]. Here, SKB first identified the 
top K features and calculated the score of features with the F-
value. Boruta is an effective wrapper algorithm for identifying 
relevant features in large datasets and producing accurate results 
[3]. LASSO improves both accuracy and model interpretability by 
identifying the most relevant subset of features [44]. 

Classification model long short-term memory, 
grated recurrent unit, and their extensions 
Nowadays, DNNs have established exceptional performance in 
the biomedical fields, particularly in cancer classification, and 
early detection. In this present study, we aim to classify SC and 
adjacent normal solid tissue using LSTM [47] and  GRU [48] with  
their extension models such as BiLSTM, BiGRU, etc. 

In this phase of our analysis, we restructured the expression 
count matrix data for Exons, mRNA, miRNA, and methylation into 
a time series sequence format. The count matrix data are in a 1 × 1 
dimensional matrix while the input data is converted into a 3 × 3 
dimensional matrix (samples, time step, features). This trans-
formation involved sequentially organizing the data, to capture 
temporal relationships and patterns inherent in the biological 
processes. By converting the data into time series sequences, 
we aimed to leverage models that excel in handling sequential 
data, thereby enhancing the overall performance and predictive 
capabilities of our analysis. At first, we observed the performance 
of existing LSTM, GRU, BiLSTM, BiGRU, BiLSTM-attention, and 
BiGRU-attention mechanisms in classifying SC over normal tissue 
samples. 

Proposed models 
After the performance of the existing model, we proposed 
three different HDRNN-based models such as (i) BiLSTM with 
BiGRU (DOMSCNet/Model1), (ii) BiLSTM with BiLSTM with 
attention (Model2), and (iii) BiLSTM-attention with BiGRU-
attention (Model3). We perceived the performance of three 
proposed models on the best-selected feature subset obtained 
from the best FS technique with the existing model. Eventually, 
all three proposed models were implemented using the optimal 
features selected from the best HFS technique. The automation 
of transformers and other deep advanced models has recently 
increased their significance in the biological domains. Because of 
experimental constraints, omics databases frequently contain a 

limited number of samples. In contrast to advanced deep models, 
which usually require huge datasets to prevent overfitting, while 
DOMSCNet requires fewer samples as compared to transformers 
to obtain improved performance. For biological data, deep 
models can hinder the understanding of underlying mechanisms. 
In consideration of these challenges, we presented proposed 
methods for the classification of cancer samples in comparison 
to healthy human samples. 

Bidirectional LSTM–BiGRU/DOMSCNet/Model1 
BiLSTM and BiGRU are RNN architectures that are particularly 
effective for sequences in both forward and backward direc-
tions and for capturing information from both past and future 
contexts [28, 49]. Here, it is applied to classify SC over normal 
tissue samples from omics expression data due to its ability to 
capture sequential patterns in complex high-dimensional data. 
The proposed model DOMSCNet integrated BiLSTM and BiGRU 
layers into the classification of SC. The architecture of DOMSCNet 
included a BiLSTM layer (512 units). The output from the final 
BiLSTM layer is fed to the BiGRU layer (512 units). A dense (fully 
connected) layer (64 units) and Rectified Linear Unit (ReLU) acti-
vation function are applied. A dropout layer is added with a rate 
of 0.25, which randomly drops 25% of the neurons during train-
ing to prevent overfitting. Batch normalization is applied, which 
normalizes the activation to improve training stability and speed. 
The final output layer is a dense layer with a sigmoid activation 
function, making it suitable for binary classification. Figure 2 
represents the architecture of the proposed model DOMSCNet. 
The algorithm of BiLSTM–BiGRU is defined as Equations (1)–(6) in 
Algorithm 1. 

The output for each time step is ht, combining both forward 
and backward contextual information. At time t, the hidden state 
of the BiLSTM model is obtained by weighted summation of the 
backward hidden layer state hf 

t and forward hidden layer state hb 
t 

as shown in Equation (6). The parameters applied in the proposed 
DOMSCNet architecture are tabulated in Table 2. 

BiLSTM–BiGRU-attention/Model2 
The proposed Model2 integrated BiLSTM with BiGRU and 
attention mechanism to classify SC and normal tissue samples. 
Figure 2b depicts the proposed Model2 architecture which 
includes a BiLSTM layer (512 units), batch normalization is applied 
to the BiLSTM output to normalize the activations, a dense layer 
(64 units), and ReLU activation is applied to the output from the 
BiLSTM model. The output from the final BiLSTM layer is fed to the 
BiGRU layer. Similarly, again BiGRU layer was added with the same 
parameters, viz 512 neuron units, and Batch normalization, and a 
second dense layer (64 units) with ReLU activation function. The 
output from the final BiGRU layer is fed to the attention module. 
After that, an attention layer is added and next a custom layer 
of the ‘Lambda’ function is added to reduce the attention output 
(context vector) by summing across time steps of the features. 
The input of the attention mechanism layer is obtained from the
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Figure 2. (a) Overall process flow diagram of DOMSCNet. (b) The architecture of Model2. (c) The architecture of Model3. 

output vector of the top layer triggered by the BiLSTM–BiGRU 
network. The final output layer is a fully connected dense layer 
with a ‘sigmoid’ activation function, as shown in Fig. 2b. The  
parameter used in DOMSCNet are tabulated in Table 3. 

Attention mechanism 
The major intention of the attention mechanism applied in the 
BiLSTM–BiGRU model for the classification task is to utilize the 
hidden layer output of the input sequence by the BiLSTM–BiGRU
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Algorithm 1. Algorithm of proposed model BiLSTM–BiGRU. 

BiLSTM and BiGRU 

Input P = {
p1,p2,........pT

}

Initialize Hidden states hf 
0, hb 

T (for backward and forward direction), cell states Cf 
0, Cb 

T initialize to 0. 

Forward pass for BiLSTM For each time step t from 1 to T, compute the forward LSTM states: 
f f 
t = σ

(
Wf 

f pt + Uf 
f hf 

t−1

)

if t = σ
(
Wf 

i pt + Uf 
i hf 

t−1

)

Of 
t = σ

(
Wf 

op + Uf 
ohf 

t−1

)

∼ 
C 

f 

t = tanh
(
Wf 

Cpt + Uf 
Chf 

t−1

)

Cf 
t = f f 

t � Cf 
t−1 + if t �

∼ 
C 

f 

t 

hf 
t = tanh

(
Cf 

t

)
..............................................................................(1) 

Backward pass for BiLSTM For each time step t from T to 1, compute the backward LSTM states: 
f b 
t = σ

(
Wb 

f pt + Ub 
f h

b 
t+1

)

ib 
t = σ

(
Wb 

i pt + Ub 
i h

b 
t−1

)

Ob 
t = σ

(
Wb 

opt + Ub 
ohb 

t−1

)

∼ 
C 

b 

t = tanh
(
Wb 

Cpt + Ub 
Chb 

t−1

)

Cb 
t = f b 

t � Cb 
t−1 + ib 

t �
∼ 
C 

b 

t 

hb 
t = Ob 

t � tanh
(
Cb 

t

)
.......................................................................(2) 

Hidden state ht =
[
hf 

t , hb 
t

]
....................................................................................(3) 

Forward pass for BiGRU For each time step t from 1 to T, compute the forward BiGRU hidden state: 
Zf 

t = σ
(
Wf 

zpt + Uf 
zhf 

t−1

)

rf 
t = σ

(
Wf 

r pt + Uf 
rhf 

t−1

)

h̃f 
t = tanh

(
Wf 

hpt + Uf 
h

(
rf 
t � hf 

t−1

))

hf 
t =

(
1 − zf 

t ) �hf 
t−1 + zf 

t �
h̃f 

t .....................................................................................................(4) 

Backward pass for BiGRU For each time step t from T to 1, compute the backward BiGRU states: 
Zb 

t = σ
(
Wb 

zpt + Ub 
zhb 

t+1

)

rb 
t = σ

(
Wb 

r pt + Ub 
r hb 

t+1

)

h̃b 
t = tanh

(
Wb 

hpt + Ub 
h

(
rb 
t � hb 

t−1

))

hb 
t =

(
1 − zb 

t

)
� hb 

t+1 + zb 
t � h̃b 

t .......................................................(5) 

Hidden state ht =
[
hf 

t , hb 
t

]
....................................................................................(6) 

encoder. Integrating attention mechanisms with BiLSTM and 
BiGRU models can significantly enhance their performance by 
allowing the model to focus on important input features of the 
sequence when making the classification [ 48, 49]. By focusing 
on key features rather than processing all features equally, the 
attention mechanism helps the model generalize better on new 
data. This reduces the likelihood of overfitting to irrelevant omics 
data expression patterns. Understanding which features are most 
influential in the classification decision is essential in biomedical 
research. The attention mechanism highlights important features 
or feature sets, allowing researchers to interpret and validate 
which features are critical for the outcome. The attention 
mechanism is computed as follows: 

ea = tanh
(
Whja + bh

)
, ea ∈ [−1, 1] 

The attention weight is calculated as, 

ka = exp ea∑N 
t=1 exp (et) 

The sum of the weight is calculated as, 

N∑
i=1 

ka = 1 

The context vector is calculated as, 

r = 
N∑

i=1 

kaja, v ∈ R2L (7) 

We included an attention layer to assess the importance 
of each feature in the context of the entire sequence. The 
attention mechanism assigns a weight ka to each feature 
ja, highlighting the most pertinent elements. Subsequently, 
the hidden states are combined to create a sentence feature 
vector v through a weighted sum [48]. The parameters used 
in Model2 during training are tabulated in Supplementary 
Table S2.

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf115#supplementary-data
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Table 3. The parameters used in the proposed model DOMSCNet 

Layers Output shape Units Activation function 

Input (None, features, 1) — — 
BiLSTM (None, features, 512) 512 — 
Dense (None, features, 64) 64 ReLU 
BiGRU (None, features, 512) 512 — 
Dense (None, 64) 64 ReLU 
Dropout (0.25) (None, 64) 64 — 
Batch Normalization (None, 64) 64 — 
Output (None, 1) — Sigmoid 

Bidirectional 
LSTM-attention–BiGRU-attention/Model3 
The architecture of Model3 is represented in Fig. 2c. Here, we  
added two attention layers after both the BiLSTM and BiGRU 
layers. The proposed Model3 consists of a BiLSTM layer (512 units). 
The output from the final BiLSTM layer is fed to the attention 
module. Batch normalization is applied to the BiLSTM output to 
standardize the activation, followed by a dense layer (64 units) 
along with the ReLU activation function. After the ReLU layer, 
an attention layer is added, and a custom ‘Lambda’ function 
layer is applied to reduce the attention output (context vector) by 
summing across the time steps of the features. Similarly, a BiGRU 
layer is added next to the attention layer 1 with 512 units, batch 
normalization, and a dense layer (64 units), and ReLU activation is 
included. The output from the final BiGRU layer is fed to the atten-
tion module. An attention layer with a custom ‘Lambda’ function 
is again employed to sum the attention output across the time 
steps. The final output layer is a fully connected dense layer with 
a sigmoid activation function. The ‘softwares’ optimizer was used 
for the proposed three models during training. Supplementary 
Table S3 depicts the parameters of Model3 architecture. The 
algorithm of BiLSTM, BiGRU, and attention mechanism is rep-
resented in Equations (1)–(6) in Algorithm 1 and Equation (7), 
respectively. 

Validation study of DOMSCNet on external 
datasets 
For validation of the proposed model, datasets were retrieved 
from NCBI Geodataset (https://www.ncbi.nlm.nih.gov/geo/). From 
Geodataset, we collected Gene or mRNA expression SC and nor-
mal samples dataset of (Accession id: GSE36968), DNA methyla-
tion dataset of SC and normal (Accession id: GSE30601), miRNA 
expression dataset of Lynch syndrome with cancer, rectal cancer, 
and healthy samples (Accession id: GSE198834), DNA methy-
lation dataset of Uterine cervix cancer and normal (Accession 
id: GSE30760). Similarly, the TCGA-LIHC dataset of the primary 
tumor and adjacent normal tissue samples of the liver cancer 
was retrieved from the UCSC Xena portal. From TCGA-LIHC, 
mRNA or Gene expression, miRNA expression, Exon expression, 
and DNA methylation four multi-layer omics datasets were col-
lected. Similarly, min–max normalization was used to normalize 
all eight datasets, while statistical significance analysis of fea-
tures was executed with the LIMMA R package. The best HFS tech-
nique was applied to identify optimal features for the proposed 
model training as well as testing purposes. To handle the dataset 
imbalance issue, we used the SMOTE Tomek hybrid algorithm. 
The details of the external validation dataset are depicted in 
Supplementary Table S1. 

Bioinformatics analysis 
From the HFS experimental results, we shortlisted top genes from 
the obtained feature subset and conducted different analysis of 
shortlisted genes to understand their biological functions in SC 
progression and detection. The Exons, mRNA, miRNA expres-
sion, and DNA methylation site profiles are all integral compo-
nents of gene regulation and play vital roles in controlling gene 
expression. The disease pathway analysis of selected top genes 
was performed using the publicly available Reactome database 
with a P-value <.05 [50]. The gene–protein interaction study was 
performed using the STRING database (https://string-db.org/) to  
identify hub genes of top genes [51]. The retrieved protein–gene 
interaction network was visualized using Cytoscape software and 
the top 15 highest degree scores gene network was extracted using 
CytoHubba plugins. 

The expression and survival analysis of top genes were 
employed for the identification of prognostic signatures of SC. 
Here, we performed gene expression analysis between normal 
and primary tumor samples, pathological disease stage-wise 
expression analysis, and overall disease survival analysis of low-
group and high-group expression conditions using the GEPIA 
2.0 (Gene Expression Profiling Interactive Analysis) web tool 
(http://gepia2.cancer-pku.cn/#index) [52]. For GEPIA 2.0 analysis, 
we considered only overlapped genes between the hub gene 
interaction study and top-selected genes. Initially, GEPIA 2.0 was 
employed to analyze the selected gene expression in normal and 
SC tissue samples from the TCGA project. Following this, we 
observed how selected gene expression increases or decreases 
in different pathological stages. The statistical significance 
of the variations was assessed using an ANOVA test with P-
value threshold <.05 in GEPIA 2.0. Additionally, Kaplan–Meier 
curve plots were utilized to evaluate survival rates based on 
lifespan data, providing insights into how genes influence cellular 
structure and molecular function. 

Software and libraries 
Python (version 3.11) and R (version 4.1.3) languages were utilized 
in this study to carry out the experiment and analyze the findings. 
Utilizing the Tensorflow Keras API (version 3.5.0) on the Google 
Colab platform, the Tomek link library is utilized for data balanc-
ing. LS, LASSO (Lasso, LassoCV, KFold, GridserachCV library), and 
SKB-FS (f classif, selectkbest library) were used during FS. The 
proposed model performance used Numpy, Pandas, matplotlib, 
Sequential, LSTM, GRU, Bidirectional, dropout, batch normaliza-
tion, dense, Model, classification report, Input, tf, layers, Lambda, 
attention, etc. The LIMMA package (version 3.50.3) was utilized 
in the R environment of the local machine (Intel Core i3, 7th 
Gen, Windows) for statistical significance analysis. The Boruta-FS

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf115#supplementary-data
https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf115#supplementary-data
https://string-db.org/
https://string-db.org/
https://string-db.org/
https://string-db.org/
http://gepia2.cancer-pku.cn/#index
http://gepia2.cancer-pku.cn/#index
http://gepia2.cancer-pku.cn/#index
http://gepia2.cancer-pku.cn/#index
http://gepia2.cancer-pku.cn/#index
http://gepia2.cancer-pku.cn/#index
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Table 4. Assessment of performance matrices 

Matrices Formula 

Accuracy TP+TN 
TP+TN+FP+FN 

Recall TP 
TP+FN 

Precision TP 
TP+FP 

F1-score
(
1+∝2)

precision∗recall 
(∝2)precision∗recall , where ∝ = 1  

performed FS of all 12 datasets using the Boruta package (version 
8.0.0) and the MRMR-FS used the mRMRe package (version 2.1.2) 
at R environment local system (Intel Core i3, 7th Gen, Windows). 

Results and discussion 
In the execution of the proposed models, we divided the input 
dataset of Exon, mRNA, and miRNA expression into 70% for 
training, 10% for validation, and 20% for testing. Additionally, 
the methylation dataset was split into 70% for training, 15% for 
validation, and 15% for testing due to its small number of samples. 
After the training process, we assessed model performance using 
various metrics including accuracy, precision, recall, F1-score, and 
confusion matrices for the validation and testing samples for 
each dataset. We also computed the AUC score and generated 
ROC plots for the proposed models utilizing the best features. The 
different matrices are calculated as shown in Table 4. 

Results of hybrid feature selection techniques 
The relevant feature subset of multi-layer omics data is obtained 
from HFS techniques. Initially, we identified optimal 2000 features 
using LS and SKB filter techniques from Exon, mRNA, and DNA 
CpG methylation data. After that, we identified 1000 important 
features from MRMR, and finally, using the Boruta and LASSO 
algorithm, we identified a final optimum number of features, 
as shown in Table 5. However, the raw feature of miRNA data 
is less than Exon, mRNA, and DNA methylation data, and we 
changed the criteria for the selection of features of miRNA data. 
We obtained 1000 features from LS and SKB. The MRMR identifies 
500 features and Boruta and LASSO identified the final optimum 
features as shown in Table 5. 

Existing models performance 
The identified features were used for model training. Initially, 
we evaluated the performance of four existing and models and 
their extensions: LSTM, GRU, BiLSTM, BiGRU, BiLSTM-attention, 
and BiGRU-attention, respectively. Among these, LSTM does not 
produce an improved accuracy score compared to GRU, BiLSTM, 
BiGRU, BiLSTM-attention, and BiGRU-attention across all identi-
fied features. Similarly, GRU performed better specifically for the 
Exon and mRNA expression datasets. However, neither LSTM nor 
GRU effectively classified all four multi-layer omics datasets. 

Additionally, existing BiLSTM and BiGRU models do not 
achieve improved accuracy scores in the training, validation, 
or test data for the DNA methylation dataset, as shown in 
Fig. 3 and Supplementary Table S4. Similarly, for the mRNA and 
miRNA expression datasets, the features obtained led to better 
performance with BiLSTM, BiGRU, BiLSTM-attention, and BiGRU-
attention models as compared to the DNA methylation data. 
Overall, the SMB FS method showed moderate improvements 
across all datasets with all six classifiers. The performance of the 
existing models did not improve across all four multi-layer omics 
datasets. These existing models were unable to accurately classify 
data for all four omics layers. In contrast, we proposed three 
HDRNN models, specifically designed for SC classification from 
normal solid tissue using the four multi-layer omics datasets. 

Performance of the proposed models 
The experimental results indicate that none of the existing LSTM, 
GRU, and their extension models achieved strong performance 
on the DNA methylation data. Consequently, we introduced three 
HDRNN models namely DOMSCNet, Model2, and Model3 designed 
to perform consistently across all four multi-layer omics datasets. 
The FS technique SMB, showed improved results on four datasets 
with existing models. As a result, we opted to use the SMB HFS 
technique for further analysis. In our study, we executed the pro-
posed models such as DOMSCNet, Model2, and Model3 on SMB-
identified features for multi-layer omics datasets. The accuracy, 
precision, recall, and F1-score of the proposed (a) DOMSCNet, (b) 
Model2, and (c) Model3 on the validation and testing dataset are 
represented in Fig. 4a. 

The proposed model DOMSCNet showed the highest accuracy 
(0.99) and precision (0.995) score on the Exon testing dataset 
while achieving the highest accuracy (0.99) score of testing data 
on miRNA expression data. The proposed Model2 obtained the 
highest precision score result on mRNA expression data with 
0.995. Model2 achieved the highest accuracy, recall, and F1-score 
on mRNA and miRNA expression while it showed the lowest 
score on DNA methylation data with 0.940 on testing data, as 
shown in Fig. 4a. Figure 4a also illustrates that Model3 achieved 
maximum validation accuracy, precision, recall, and F1-score on 
mRNA expression data. Similarly, the proposed Model3 showed 
the highest recall and F1-score of 0.995 on the mRNA testing 
dataset while achieving a validation score on the mRNA expres-
sion dataset. Figure 4b showed that DOMSCNet accurately classi-
fied SC and normal tissue samples in Exon and miRNA expression 
testing, and validation datasets. The confusion matrices’ results 
of test and validation data, as shown in Fig. 4c and d for Model2 
and Model3, respectively. In Fig. 4b, 4c, and  4d. (a-d) represents 
confusion matrixes of test data and (e-f) depicts the results of 
validation data for DOMSCNet, Model2 and Model3 respectively. 

The AUC score and ROC curve of validation and testing data 
for the proposed DOMSCNet, as shown in Fig. 5a. DOMSCNet 
achieved an improved AUC score for all four-layer omics datasets. 
The proposed DOMSCNet achieved the highest AUC score on the 

Table 5. The results of the feature subset selected from four hybrid FS techniques 

FS techniques Exon mRNA miRNA DNA methylation 

LMB 106 98 54 54 
LML 88 103 115 46 
SMB 203 193 56 187 
SML 78 141 112 48 

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf115#supplementary-data


10 | Borah et al.

Figure 3. Validation and testing accuracy score of: (a) LSTM, (b) GRU, (c) BiLSTM, (d) BiGRU, (e) BiLSTM-attention, and (f) BiGRU-attention. 

Exon, miRNA, and DNA methylation test dataset. The proposed 
Model2 ( Fig. 5b) and Model3 (Fig. 5c) produced an improved AUC 
score for mRNA datasets than Model1, while Models 2 and 3 
obtained poorer results than DOMSCNet for DNA methylation test 
data. 

Multi-criteria decision analysis 
Drawing conclusions when multiple objectives are involved can be 
challenging and prone to inaccuracies [53]. Multi-criteria decision 
analysis plays a promising role in solving this multi-objective 
issue by generating conclusions with the best reasonable solution. 
At present, multi-criteria decision analysis (MCDA) is widely used 
in performance assessment methods. In the present study, from 
the evaluation measures of the proposed three models such as 
accuracy, precision, Recall, F1-score, and AUC score, it is observed 
that no single model could achieve the best results for all four 
multi-layer omics data to reach our aim of this study. Thus, 
selecting an effective classification model for multiple datasets 
becomes challenging. To find out the best model, we have exe-
cuted one MCDA technique known as the Technique for Order 
of Preference by Similarity to Ideal Solution (TOPSIS). Here, the 
Information Entropy Weighting technique is applied with TOPSIS 
to calculate the measures of TOPSIS. Equation (8) represents the 
TOPSIS evaluation metric. In this study, accuracy, precision, F-
score, recall scores, and AUC scores are used as multiple criteria. 
MCDA ranks based on the TOPSIS technique are shown in Table 6. 
From Table 6, it is observed that the proposed model DOMSCNet 
has the top-rank TOPSIS score followed by Model2 and Model3. 

Table 6. MCDA results of proposed three models 

Model TOPSIS score Rank 

DOMSCNet 1 1 
Model2 0.0497 3 
Model3 0.0348 2 

DOMSCNet performed better for all four datasets while Model2 
and Model3 performed poorly for the DNA methylated dataset. 
The TOPSIS score is calculated as a calculated normalized matrix, 
each element Nij is calculated as: 

Nij = 
xij√∑m 
i=1 x2 

ij 

; 

for i = 1, 2, 3 . . . . . . . . . , m; j = 1, 2, 3.. . . . . . .  .., n 
Calculate the weighted normalized matrix, multiply each ele-

ment Nij by its associated weight wj, 

wij = wj ∗ Nij, 

Distance calculated on ith row, 

dp =
√√√√

n∑
j=1

(
Wij − K+ 

j

)2 
; dn =

√√√√
n∑

j=1

(
Wij − K− 

j

)2 
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Figure 4. (a) The accuracy, precision, recall, and F1-score and (b-d) represents confusion matrixes of proposed models DOMSCNet, Model2, and Model3 
respectively. 

Calculate TOPSIS for each row, 

Ti = 
dn 

dp + dn (8) 

The major advantage of DOMSCNet can accurately classify 
multi-layer omics datasets. Additionally, the best HFS technique 
was applied to identify optimal features for the proposed model 
training as well as testing purposes. To handle the dataset imbal-
ance issue, we used the SMOTE Tomek hybrid algorithm. The 
proposed HFS method is fast and precise for identifying SC molec-
ular signatures. The overall results beat the existing model for 
four types of multi-layer omics (Exon, mRNA, miRNA, and DNA 
methylation profiles) high-dimensional dataset of stomach ade-
nocarcinomas. The proposed HFS methods validate the function 
of SC and discover new molecular signatures. One of the draw-
backs is that, in comparison to large-size sample datasets, model 
performance is relatively poor in small sample datasets of DNA 
methylation of STAD project. 

Performance of DOMSCNet on external datasets 
To observe the robustness of the DOMSCNet performance, 
validation was executed on eight additional datasets collected 
from NCBI Geodatabase and UCSC Xena platform (TCGA, GDC 
dataset). The eight-dataset split with different train, validation, 
and test sets due to its varied number of sample sizes present 
on each multi-layer omics dataset. The mRNA dataset of SC 
splits with 80% training, 10% testing, and 10% validation set; the 
miRNA expression dataset splits with 70% training, 15% testing, 
and 15% validation set; DNA methylation CpG sites dataset 
of SC and uterine cervix cancer 70% training, 15% validation, 

and 15% testing. The four multi-layer omics datasets of TCGA-
LIHC split with 70% training, 10% validation, and 20% testing 
set. For all eight multi-layer omics validation datasets used 
in this study, the proposed straightforward layer architecture 
model is able to reliably and efficiently classify the samples 
while maintaining computational efficiency. The obtained 
feature numbers obtained from SMB HFS are similar to above-
mentioned TCGA-STAD dataset. With varying sample sizes across 
independent data sets, the model does not exhibit overfitting 
or underfitting. The accuracy, precision, Recall, F1-score, and 
confusion matrix results of DOMSCNet on an additional eight 
datasets are shown in Fig. 6a–c and Supplementary Fig. S1a and b. 
The DOMSCNet achieved the highest results on the TCGA-LIHC 
four multi-layer dataset. In the TCGA-STAD DNA methylation 
dataset, the DOMSCNet performance is quite poor (an AUC 
score of 0.971) compared to the other three datasets due to the 
presence of the small number of samples. However, in the TCGA-
LIHC dataset, DOMSCNet outperforms with an AUC score on 
Exon 0.994, mRNA 0.987, miRNA 0.988, and DNA methylation 
0.993 as shown in Fig. 6a and b and Supplementary Fig. S1a. In  
Fig. 6a represents the results of DOMSCNet on (A) TCGA-LIHC 
dataset for testing data, (B) TCGA-LIHC dataset for validation 
data, and (C) Results of DOMSCNet on testing data and validation 
set data of Geodataset. Fig. 6b and Fig. 6c depicts the confusion 
matrices, AUC score, and ROC plots for test set data results 
of DOMSCNet on multi-layer omics dataset of TCGA-LIHC and 
Geodataset respectively. In Fig. 6b and Fig. 6c confusion matrices, 
0 indicates normal samples and 1 indicates cancer samples. 
In Geodataset, the DOMSCNet achieved the highest AUC score 
of 0.978 on the DNA methylation CpG site dataset of cervix 
cancer, while lowest on the miRNA expression dataset of Lynch 
syndrome with cancer, rectal cancer 0.871 as shown in Fig. 6a–c

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf115#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf115#supplementary-data


12 | Borah et al.

Figure 5. AUC score and ROC plot results of proposed (a) DOMSCNet, (b) Model2, and (c) Model3 respectively. 

and Supplementary Fig. S1b. We observed that the performance 
with Geodataset is poor compared to the TCGA dataset due 
to the small sample size present in the dataset. Among all 
Geodataset, the cervix cancer DNA methylation dataset has 
the highest number of samples and the results of DOMSCNet 

achieved the highest. However, the DOMSCNet has not shown any 
overfitting and underfitting results due to its small size samples. 
The experimental results of DOMSCNet on external dataset 
signified its robustness for classification of cancer samples over 
normal using multi-layer omics complex dataset. The comparison

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf115#supplementary-data
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Table 7. The comparison results of DOMSCNet with the existing literature 

Technique Dataset Results References 

Residual network (Resnet) TCGA gastric cancer (mRNA, methylation, and 
copy number variation data) 

AUC of 0.971 [50] 

Graph neural network (GNN) TCGA-STAD (mRNA expression, CNV, clinical 
information, and DNA methylation) 

AUC: 0.976 ± 0.007 [51] 

DeepKEGG TCGA-BRCA, LIHC, PRAS, BLCA (mRNA-pathway, 
SNV-pathway, and miRNA-pathway) 

0.876 (BRCA), 0.947 (LIHC), 0.799 (PRAD), 
0.961 (BLCA) 

[33] 

DOMSCNet TCGA-STAD and LIHC (mRNA, miRNA, Exon 
expression, and DNA methylation) 

0.990 (STAD), 0.994 (LIHC) Proposed study 

results of the DOMSCNet with the existing model are depicted in 
Table 7. The comparison is based on TCGA-STAD and TCGA-LIHC 
datasets. 

Bioinformatics analysis 
Combining Exon, mRNA, and miRNA expression, and DNA methy-
lation data allows a comprehensive understanding of the reg-
ulatory mechanisms influencing gene expression. These multi-
layer profiles are intricately linked to gene expression regula-
tion and play a pivotal role in identifying potential molecular 
signatures. Here, we performed different bioinformatics-based 
analyses of shortlisted top genes obtained from multi-layer omics 
profiles feature subsets and observed their functions in different 
cases. 

To identify the top genes obtained from feature subsets, we 
cross-examined the common features between the (i) LMB and 
SML, (ii) LML and SMB, (iii) SMB, and LMB, and (iv) SML and LML 
HFS techniques, respectively. We selected 35 shared features from 
the Exon dataset using these techniques. Similarly, for the mRNA 
expression data, we identified 63 top genes from the combined 
feature sets of these four techniques. Additionally, 22 miRNAs 
were selected as top features, and 27 CpG sites were shortlisted for 
further analysis. The results of the Reactome pathway analysis, 
as shown in Fig. 7 and Supplementary Table S5, indicated that 
HSP90AA1, COL4A2, COL12A1, and  DYNC1H1 Exon’s genes were 
highly significant and involved in the top ten pathways, includ-
ing DDX58/IFIH1-mediated induction of interferon-alpha/beta, 
collagen chain trimerization, and autophagy. From the gene 
expression data, ACADM and HADH were found to be significantly 
associated with several key pathways shown in Fig. 7 and 
Supplementary Table S5. These associations were identified 
with a P-value of <.001. In contrast, no CpG methylated site 
genes were associated with the top pathways, as shown in 
Supplementary Table S5. 

Additionally, we performed hub-gene identification for short-
listed top genes. To identify hub genes, we extracted the gene– 
protein network from the STRING database, with 700 confidences 
as shown in Fig. 8a and b. Figure 8c shows the results of the 
hub genes obtained from Exon’s data. The network nodes are 
represented for genes, and edges are represented for connection 
between genes. The hub gene identification showed that TTC8, 
COL12A1, COL4A2, HSP90AA1, DYNC1H1, and  CAD are the 
overlapped Exon genes with the top 35 genes of Exons as 
shown in Fig. 8c and marked in green contour. Figure 8c signified 
the results of hub gene analysis of mRNA expression for the 
top genes and there are seven genes found to be overlapped 
with identified 63 top genes. The overlapped mRNA genes 
are marked in yellow contour. The hub-gene network analysis 
of DNA methylation data is shown in Fig. 8c and overlapped 

genes namely KCNMA1, FUT8, and  MGAT5 between top genes 
and hub genes are marked in red contour. miRNA regulates 
gene expression posttranscriptionally by targeting specific 
mRNAs. The identified top miRNA interpretation is not directly 
available in bioinformatics tools. Therefore, we retrieved miRNA-
targeted mRNA genes from the TargetScan human database 
and observed their functions in SC progression. The miRNA-
targeted mRNA genes network is shown in Fig. 8c and only one 
gene overlapped in the gene–protein network. Similarly, Fig. 8c 
shows the hub gene network with overlapped CpG site genes in 
red color nodes. There are a total of 14 hub genes found in the 
network. 

The overall survival analysis and pathological stage-wise 
expression analysis were performed for overlapped genes (marked 
in green, yellow, dark green, and red contour, respectively) 
extracted from the hub gene network. This interpretation was 
executed to see how these genes serve for progression in SC 
samples. The overall survival analysis of genes COL4A2, COL12A1, 
TTC8, GPX3, and  CMTM5 was significantly associated with SC, as 
shown in Fig. 9a. These four genes statistically impact patients’ 
overall survival outcomes and are related to poor survival results 
in SC. The existing study [54] revealed the potential of the tumor-
promoting function of hypoxic Cancer-associated fibroblasts 
(CAFs) in SC could be linked to the decreased expression of gene 
COL4A2 in a hypoxic environment. Through multivariate Cox 
regression analysis, the study identified COL4A2 as a signature 
and independent prognostic biomarker in SC patients, with its 
high expression correlating with a poorer prognosis in those 
treated by surgery [55]. Duan et al. identified COL12A1 as a 
prognostic biomarker of SC due to its significantly poor prognostic 
factors [56]. The study [57] found that GPX3 levels in SC were 
favorably connected with immune cell markers, immune cell 
filtration, and immune checkpoint expression. While gene GPX3 
may play a role in preventing the development of tumors during 
the malignant progression from gastritis to SC and later stages 
[58]. Another study’s experimental results predicted lower tumor 
growth time in individuals older than 60 years and showed 
GPX3 hypermethylation in SC [58]. Poorer overall survival was 
strongly associated with the gene CMTM5, suggesting that CMTM5 
expression may be a new prognostic factor for SC patients [59]. 
Till date, there were no studies have been reported linking the 
gene TTC8 to SC. 

Similarly, genes HSP90AA1, COL4A2, TTC8, HADH, MGAT5, and  
KCNMA1 showed significant results of pathological stage-wise 
expression of SC as shown in Fig. 9b. These gene expressions are 
changes between stage 1 and stage 4 for individuals suffering from 
SC. However, there are no miRNA-targeted mRNA genes correlated 
with the progression and survival of SC patient samples. 
HSP90AA1, its potential as a detective marker and target for liver

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf115#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf115#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf115#supplementary-data
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Figure 6. The accuracy, precision, recall, F1-score, confusion matrix results, AUC score and ROC plots of DOMSCNet on additional datasets. 

metastasis of SC was highlighted by the significant upregulation 
of HSP90AA1 in both transcriptional and translational levels in 
advanced SC associated with significant SC and insignificant 
SC related to typical mucosa [ 60]. The gene HADH expression is 

significantly transformed in SC, influencing tumor development 
and prognosis, with the study highlighting that monitoring 
its expression could offer valuable insights into the metabolic 
reprogramming associated with gastric tumors and their clinical
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Figure 7. Top Reactome pathway mapping results of top genes with their P-values. 

outcomes [ 61]. The study shows that by activating the Akt signal-
ing pathway, the downregulation of HADH plays a critical role in 
the advancement of gastric cancer [62]. MGAT5 was identified by 
Wang et al. as a potential SC target agent. They observed that the 
overexpression of the gene MGAT5 in SC encourages the growth 
and spread of tumor cells [63]. The study examined the expression 
of the gene KCNMA1 in relation to digestive malignancies, such as 
SC, indicating that it may serve as a marker for prognosis [64]. The 
gene KCNMA1 hypermethylation influences cancer cell apoptosis 
and malignant behavior via regulating PTK2 expression and is 
associated with poor survival results [64]. Our comprehensive 
bioinformatics analysis and existing literature survey revealed 
that certain genes: HSP90AA1, COL4A2, COL12A1, TTC8, HADH, 
GPX3, CMTM5, MGAT5, and  KCNMA1 are strongly linked to the 
progression of SC samples. The other top genes did not show 
significant results of stage-wise expression as well as month-
wise overall survival outcome as shown in Fig. 9a and b. The  
sample-specific expression interpretation performed for genes 
showed significant results in stage-wise expression analysis 
and survival analysis. We observed in Fig. 9c, that the genes 
are differentially expressed between two different conditions of 
normal and healthy samples. The existing study (literature survey 
based on molecular laboratory and computational experiments) 
signified obtained top gene’s molecular mechanism related 
to SC diagnosis and treatment. Some genes or markers are 
differently expressed and their expression leads to SC tumor 
growth which can be utilized for SC diagnosis. The biological 
or clinical traits of the identified molecular markers linked to 

the prognosis of a disease aid in forecasting how the disease 
will progress or how a patient will react to the therapy. The 
pathway analysis study (shown in Supplementary Table S5) 
revealed that identified molecular markers’ downregulation and 
upregulation functions and other molecular mechanisms can 
play a critical role in the advancement of SC. Additionally, our 
proposed model can precisely identify SC samples with the aid 
of identified molecular marker expression across samples, which 
may be useful for SC patient’s diagnosis. These nine key genes 
were found to be significant poor prognostic factors based on 
experimental results and literature survey. As a result, they could 
be potential molecular signatures for better diagnosis, more 
effective chemotherapy, and prognostic outcome prediction. 

Strength and limitations of DOMSCNet 
A single-omics dataset is inherently complex due to high dimen-
sionality. The proposed model encounters challenges in capturing 
the complex multi-omics profiles across different layers to clas-
sify samples effectively. To address this, the integration of filter-
wrapper-embedded techniques as HFS technique (SMB) was used 
to reduce dimensionality from the omics dataset and identify rel-
evant features for model enhancement to classify samples. There 
is a challenge that occurs during the reduction of dimensionality 
from DNA methylation and Exon expression data, which contain 
millions of features relative to a small number of samples. This 
also affects the model’s ability to identify subtypes due to the 
unavailability of a properly labeled dataset of SC. However, one 
limitation of the proposed model is that its accuracy decreases

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf115#supplementary-data
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Figure 8. (a)-(b) The gene–protein interaction and (c) the hub gene inter-
action network of top genes. 

when applied to datasets with a small sample size compared to 
larger datasets. SC is highly heterogeneous, with well-established 
molecular subtypes that play a promising role in determining 
the clinical outcomes of SC patients. Future studies should aim 

to identify SC subtypes using both bulk RNA-Seq and single-
cell RNA-Seq (scRNA-Seq) data and robustness for small-sized 
datasets, which can pave the way for advancements in precision 
medicine studies. 

Conclusion 
The present study aims to identify a robust model for the 
classification of SC and normal tissue from the multi-layer omics 
data. The high-dimensional NGS sequencing data contained a 
small number of samples over thousands of features. These 
features produced noise, storage issues, and model overfitting, 
as well as underfitting problems. The proposed HFS techniques 
can tackle the issue by selecting the most relevant features and 
improving the proposed model’s performance. The experimental 
results of Exon, mRNA, miRNA expression, and DNA Methylation 
data of SC demonstrate the efficiency of the proposed SMB HFS 
technique outperforming the other FS techniques. The proposed 
DOMSCNet outperforms Model2 and Model3 along with state-of-
the-art existing models for all multi-layer omics datasets. From 
the experimental and MCDA results, we found that DOMSCNet 
efficiently classifies SC from a multi-layer omics profile with 
AUC scores of 0.988 (Exon), 0.986 (mRNA), 0.99 (miRNA), 0.971 
(DNA methylation), and TOPSIS scores of 1, respectively. The 
proposed model DOMSCNet performance was validated with an 
external dataset of NCBI Geodataset (obtained highest AUC score 
of 0.978) and TCGA-LIHC multi-layer omics dataset (obtained 
highest AUC score of 0.994). The DOMSCNet performed better 
on TCGA-LIHC across all four datasets. From the bioinformatics 
analysis and existing literature survey validated that the top 
selected genes of Exon, mRNA, and DNA methylation profiles, 
the gene HSP90AA1, COL4A2, COL12A1, TTC8, HADH, GPX3, 
CMTM5, MGAT5, and  KCNMA1 are closely associated with SC 
poor prognosis, poor survival, and cancer pathway mapping 
signified that these nine genes could be a potential putative 
molecular marker of SC. Additionally, this bioinformatics analysis 
of top genes could be helpful for a better understanding of 
the molecular pathophysiology of SC. The experimental and 
literature survey results help clinicians and researchers to provide 
treatment against the survival of SC. However, a thorough clinical 
study is required to improve the understanding of the molecular 
mechanism of markers identified over SC. 

Key Points 
• Hybrid feature selection (HFS) techniques performed 

to reduce the high dimensionality of multi-layer omics 
datasets for uncovering optimal features. 

• Integration of effective HFS algorithm with hybrid deep 
recurrent neural network model for classification of 
stomach cancer over normal samples of Exon, mRNA, 
miRNA expression, and DNA methylation dataset. 

• Validation of external datasets to improve the robust-
ness and generalizability of the proposed DOMSCNet 
model. 

• Interpretation of cancer prognosis of identified potential 
molecular signatures through bioinformatics approach. 

Supplementary data 
Supplementary data is available at Briefings in Bioinformatics 
online.

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf115#supplementary-data
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Figure 9. (a) Overall survival analysis, (b) pathological stage-wise expression, and (c) differential expression of top genes. 
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