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Abstract

Breast cancer is a heterogeneous disease characterized by molecular complexity. This research utilized three genetic
expression profiles—gene expression, deoxyribonucleic acid (DNA) methylation, and micro ribonucleic acid (miRNA)
expression—to deepen the understanding of breast cancer biology and contribute to the development of a reliable survival
rate prediction model. During the preprocessing phase, principal component analysis (PCA) was applied to reduce the
dimensionality of each dataset before computing consensus features across the three omics datasets. By integrating these
datasets with the consensus features, the model's ability to uncover deep connections within the data was significantly
improved. The proposed multimodal deep learning multigenetic features (MDL-MG) architecture incorporates a custom
attention mechanism (CAM), bidirectional long short-term memory (BLSTM), and convolutional neural networks
(CNNs). Additionally, the model was optimized to handle contrastive loss by extracting distinguishing features using a
Siamese network (SN) architecture with a Euclidean distance metric. To assess the effectiveness of this approach, various
evaluation metrics were applied to the cancer genome atlas (TCGA-BREAST) dataset. The model achieved 100%
accuracy and demonstrated improvements in recall (16.2%), area under the curve (AUC) (29.3%), and precision (10.4%)
while reducing complexity. These results highlight the model’s efficacy in accurately predicting cancer survival rates.

Keywords
Breast cancer, Genetic expression, Survival prediction, Multimodal deep learning, Siamese network, Principal component
analysis.

1.Introduction

Breast cancer is one of the leading causes of
mortality among women. In countries with a low to
moderate human development index (HDI), it
accounts for 48% of cancer-related deaths [1]. Breast
cancer originates in the tissues of the breast and can
develop into two types of tumors: benign and
malignant. Benign tumors are non-cancerous, do not
spread to other parts of the body, and are not
considered life-threatening. In contrast, malignant
tumors are cancerous, invade nearby organs, and
have the potential to spread by proliferating abnormal
cells [2]. The management of the disease is
significantly affected by effective screening programs
that facilitate the early detection of neoplastic
growths in the body [3, 4].
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Insufficient predictive outcomes frequently result
from the issue of cancer heterogeneity, which
generates  indistinguishable  patient  samples
exhibiting varying risks [5].

Therefore, accurately predicting survival time is
crucial for doctors to offer suitable treatment
recommendations aimed at enhancing the survival
rate and quality of life for cancer patients [6].
Clinical studies indicate that the inclusion of
supplementary molecular markers associated with
cancer in genetic data suggests that integrating
genetic information from multiple sources may
effectively tackle cancer heterogeneity [7]. Deep
learning (DL) is a subset of machine learning (ML)
within artificial intelligence (Al) that leverages
neural networks (NNs) with multiple layers to enable
advanced pattern recognition, representation learning,
and decision-making, contributing to Al's ability to
perform tasks that mimic human cognitive functions
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[8]. It may reduce the probability of pathologists
making erroneous judgments due to factors such as
probable fatigue and negligence [9]. Many different
types of DL are available nowadays among them
convolutional neural network (CNN), recurrent
neural network (RNN), long short-term memory
(LSTM), etc. [10]. The hybrid CNN-LSTM shown its
versatility across different applications and domains
[11]. Prior studies examined the application of
different genetic datasets utilizing NN; however,
there was a deficiency in feature reduction that
impacted the learning process and, consequently,
prediction accuracy.

This research utilized DL techniques to predict
cancer survival rates using multi-genetic datasets
combined with a feature reduction strategy. The
proposed DL model integrates a hybrid CNN,

bidirectional LSTM, and a custom attention
mechanism (CAM). Additionally, an enhanced
feature reduction technique is utilized, which

integrates data fusion of consensus features with
principal component analysis (PCA). Cancer survival
rate prediction can be based on numerical data, such
as patient age, tumor size, and various clinical and
biochemical markers. Meanwhile, categorical data
are often used for classification, including patient
gender, clinical stage, and pathological type. When
DL models incorporate extensive datasets, they
enhance predictive accuracy by identifying
meaningful associations with clinical outcomes [12].

This paper is structured as follows: Section 1
provides an introduction to the methods used in this
research. Section 2 presents an overview of prior
studies on cancer prediction. Section 3 details the
methods and materials employed in this study. After
training and testing the model, Section 4 presents the

results and compares them with existing literature.
Section 5 discusses the findings and highlights the
limitations of this work. Finally, Section 6
summarizes the results and offers recommendations
for future research.

2.Literature review
This section provides a detailed elaboration of the
related work.

2.1Convolutional neural network (CNN)

CNNs are recognized as some of the most prominent
architectures in the realm of deep neural networks
(DNNSs) [13, 14]. CNNs replicate the neural activities
observed in both humans and various other species.
CNN consists of multiple interconnected layers, each
of which is designed to execute a particular function.
Typically, CNNs comprise three layers: convolution,
pooling, and fully connected layers, culminating in a
nonlinear SoftMax output layer [15, 16]. The
convolution layer is the most essential component
among the three layers, serving as the model's core.
The convolution layer identifies the information and
produces a duplicate of the information while
maintaining the original size of the input data [17].
The architecture of CNN is constructed through the
integration of convolutional and pooling layers. The
fully connected layers, which use a nonlinear
activation function, are added at the end of the CNN
structure to show the results of the classification
process. Figure 1 illustrates the CNN architecture.
The convolution design enables the potential for
millions of training parameters. This indicates that a
substantial volume of data is necessary to train the
ML models effectively for achieving high accuracy in
photo categorization [18, 19].
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Non-linearity is introduced into the NN by activation
functions, which enables the NN to simulate
complicated interactions between the data that is
input and the data that is output. The non-linearity is
necessary due to the fact that the majority of the data
collected from the real world displays sophisticated
patterns that cannot be accurately captured by linear
functions [10]. Implementing rectified linear unit
(ReLV) activation function involves a
straightforward comparison of its input to zero, see
Equation 1. Moreover, the derivative maybe 0 or 1,
contingent upon the negativity of its input. The latter
holds significant implications for backpropagation in
the context of training. It demonstrates that
calculating a neuron's gradient is relatively
inexpensive [20, 21].
0 forx<O
ReLU—{l forx=0 @

Another function that can be added to CNN is Batch
Normalization. The Batch Normalization layer
functions as a mask that maintains the integrity of all
other neurons while deactivating the contributions of
specific neurons to the subsequent layer [12, 22].

2.2Bidirectional  long  short-term  memory
(BLSTM) layers

BLSTM is a kind of LSTM network that enables

improved learning at each data timestep by

leveraging two units with the same input and coupled

to the same output in the hidden layers to learn from

both forward and backward time series data [23-25].

Assume the input vector x, is considered by the
forward hidden layer (htf) in increasing order and by
the backward hidden layer (h?) in decreasing order.
Finally, the results of h[ and h? are combined to

create the output y,. The BLSTM model is
implemented using the Equations 2-4: [25-27].

hl = tanh(W}, x, + W) h!_, + b)) (2)
he = tanh(W),x, + Wi, htyq + br) )
ye = WL hl + whh? + b, (4)

When a NN architecture incorporates an AM, it
automatically determines when to examine data by
prioritizing feature vectors with the most useful
information over those with less valuable
information. Figure 2 contains the basic architecture
of BLSTM [23].
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2.3Attention mechanism (AM)

The ability of human perception to concentrate only
on the relevant portion of information rather than
processing it all at once [28] is a crucial
characteristic. For instance, when human perception
scans a scene, it concentrates on a specific area while
disregarding extraneous information in order to
extract the information it requires [29].

This led to the development of the custom attention
model, which was first presented for the machine
translation problem and is now a key idea in the
literature on NNs for additional use cases [28]. While
the fundamentals of attention models remain the
same, advances in AM have allowed for better task-
specific adaptation of AM [29]. Important stimuli
with a high semantic level and a low saliency are
gathered by the attention layer group for use in later
architectural levels [28].

The principles of minimum redundancy and
maximum relevance, abbreviated as min-redundancy
and max-relevance (MRMR), are frequently utilized
in the process of lowering dimensions or certain
qualities. The objective is to choose characteristics
that are extremely pertinent to the variable of interest
but not excessively so when considered in isolation
[30]. However, these concepts are not as directly
applicable to NN architectures and consideration
components.

Assume the final hidden state of i" BLSTM as hi,
which is computed in Equation 5:

hye = [hf, k] 5)
Next, the following formulas are used to calculate the
AM in Equations 6 to 8:

e;; = tanh(W,h;; + b,) (6)
__ __expleir)

At Z'ir=1 exp(ejt) (7)

Uy = ZZ=1 -y (8)
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The weight a;, is assigned to the i™" output vector at
time t. W, is the weight and b, is the bias. At last, the
result is producing a vector v,, is calculated as the
weighted sum of the multiplication of the i yield
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Figure 3 Custom Attention-based CNN

2.3.1PCA

PCA aims to reduce the data to just a few
representative dimensions for visualization and
analysis. This is accomplished by deriving a new set
of variables which represent linear combinations of
the original variables. The selection of these variables
aims to preserve significant information within a
small number of new variables. This succinctly
summarizes the samples or observations [31]. The
principal decomposition of X, an N-by-M matrix,
illustrates the original dataset as in Equation 9 [32].
PCA=XW 9)

where the columns of W, a M-by-M matrix of
weights, are the XTX eigenvectors. Given that
the N rows represent the patients and each of
the M columns gives a particular kind of feature.
2.3.2Siamese network (SN)

The SN comprises two identical networks that
process distinct inputs and are integrated using a cost
function. The primary objective is to enable the SN to
assess the similarity between two inputs. Upon
training, the networks can identify similarities among
samples originating from various sources. So, one
task is to find failures, but we can only see an
example of a possible machine failure before we can
guess what will happen with a test sample [33, 34].
The SN will compare between two input sample to
identify similarity incorporating Euclidian distance
(Ey) and contrastive loss (L,).

Assume a training set X, where (x, x’) represents a
single sample, such that x, x” € X. The (L.) function
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vector at time and the attention weight a; [25].
Figure 3 illustrate the placement of the Custom
AM(CAM) layers between CNN and BLSTM layers.

Output layer

usually conducts the SN learning process described in
Equation 10 [35].

L. = (1—y).E;* + y.max(0, my — Ed)2 (10)

The maximum value between m, (the difference
between the two data pairs (x, x’)) and the E,; is
multiplied by the real label y (i.e., 0 or 1) for
dissimilarity or similarity respectively.

Various researchers employed ML or DL techniques
utilizing genetic information to investigate breast
cancer prediction. The studies encompass the
subsequent research papers:

In their 2019 study, Tseng et al. [36] employed ML
technology to assess the metastasis of breast cancer.
The study identified that the most effective method
for predicting breast cancer metastases three months
in advance is a ML model utilizing random forests,
which attained an accuracy of 91.7% with a limited
sample size of 86 patients. Magna et al. (2020) [37]
utilized patients' medical histories to investigate the
application of DL, ML, and word insertion in breast
cancer classification. An attempt was made to present
a support system that assists in the decision-making
of physicians.

Tong et al. (2020) [38] improved breast cancer
survival estimates by integrating multi-omics data,
including copy number variations, deoxyribonucleic
acid (DNA) methylation, gene expression, and micro
ribonucleic acid (miRNA) expression. The proposed
model by the authors, LMIR, utilizes divergence-
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based shared regularization techniques to improve
performance by acquiring shared data from multiple
modalities. Arya and Saha (2021) [39] integrated
multiple data modalities to develop DL models for
predicting breast cancer survival. It emphasizes the
integration of heterogeneous data to enhance
prediction accuracy. The approach known as
SiGaAtCNNs may improve survival prognosis for
breast cancer patients. In 2021, Vale-silva and Rohr
[40] presented a multimodal DL approach for
predicting cancer survival. It generates feature
representations for various high-dimensional omics
data modalities through the use of specialized
submodels. The data fusion layer collects multimodal
representations, while a prediction submodel
generates conditional survival probabilities for
various decades of follow-up time intervals.

In 2022, Chen et al. [41] integrated molecular profile
data from 14 distinct cancer types with pathology
whole-slide images through multimodal DL.
Utilizing diverse modalities to weakly supervise
outcome predictions, he offers comprehensive
analyses related to patient prognosis for each of the
14 cancer types in an interactive, publicly accessible
database. Hao, et al. in 2023 [5] deals with the task of
forecasting cancer survival rate using DL with fused
multi-omics data. The authors combined multi
genetic expression data, which aims at capturing a
holistic picture of cancer patients’ survival
probabilities. They employed DFRMGD model based
autoencoder technique for feature representations. In
2023, Kayikci and Khoshgoftaar [3] developed an
attention-based multimodal DL model for breast
cancer prediction, referred to as GAMDL. A model is
developed by integrating clinical data and gene
expression data to evaluate mammography images
and patient information. The authors utilized mMRMR
for feature representation.

Wu et al. in 2023 [42] created both modality-specific
and modality-invariant representations, which are
then fused to provide a comprehensive and holistic
view of the data for more accurate survival
prediction. The CAMR method predicts cancer
survival by integrating data from multiple modalities
and aims to overcome the issues related to the
heterogeneous nature of multimodal data. AlSalman
et al. in 2024 [43] used deep CNN (DCNN) in the
identification of breast cancer, its implementation is
frequently hindered by the limitations of training on
small, localized datasets and privacy concerns related
to sharing patient data. By using DCNNSs across
numerous, heterogeneous datasets without sacrificing
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data privacy, it presents an efficient federated
learning strategy specifically designed for breast
cancer diagnosis.

Wang et al. (2024) [44] enhanced the prediction of
disease-free survival (DFS) in breast cancer patients
by integrating multiple medical data modalities into a
multi-modal DL  model.  Despite  notable
enhancements in predictive performance and clinical
value, challenges related to biases, generalizability,
and interpretability persist. Yang et al. (2024) [45]
present a novel training method termed multimodal
object-level contrast learning. This method seeks to
develop a multimodal survival risk predictor by
creating contrastive learning pairs that leverage the
survival risk correlations among samples in the
training set. The architecture employs a self-
normalizing NN for genomic data and an attention
based NN for medical images. Rintala et al. in 2024
[46] introduce a DL system designed to combine
patient and omics data in order to investigate
potential applications for precision medicine. In order
to better preserve the patient heterogeneity that is
relevant to survival, it incorporates patient survival
prediction.

In 2024, Gomaa et al. [47] propose and evaluate a
non-linear, non-proportional survival prediction
model utilizing transformers. The model employs
self-supervised learning techniques to efficiently
encode the magnetic resonance imaging (MRI) input
for integration through cross-attention. Zhang et al.
(2024) [48] conducted an investigation of relevant
literature through forward and backward citation
analysis. The researchers employed their datasets and
methodologies to conduct a comprehensive analysis
and review of the research. Previous research
indicates that various authors have been trying to
enhance cancer prediction and survival rate
forecasting through the use of multimodal approaches
involving multiple genetic databases. Despite its
apparent advantages, heterogeneity introduced higher
levels of uncertainty into the process. Authors
utilizing prediction based on slides through image
processing techniques face limitations due to the
availability of dataset-based slide samples and the
significant processing time required. Consequently,
incorporating  slide-clinical  based  multimodal
prediction will increase both complexity and
processing time. The initial step in addressing this
challenge involves utilizing clinical-based datasets,
such as gene expression and blood tests. We
integrated various clinical datasets and standardized
their dimensionality through suitable techniques,
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ensuring the preservation of critical information. A
shared feature set will be developed by integrating
these datasets with relevant designated features.
These features are trained with shared characteristics
through a hybrid DL method that utilizes a learning

Table 1 Summery of compared models

algorithm based on BLSTM, leveraging its ability to
learn from both current and previous samples over
long- and short-time frames. Table 1 provides a
summary of survival analysis techniques presented in
this section

Model Dataset based Learning strategy D'”?e”S".’” Employed strategies
engineering
SBC-ML[36] Slide Random Forest -- --
ML&WE [37] Slide ML TF-IDF --
FLA[43] Slide DCNN CLAHE Fusing features
MOCL[45] Slide AMIL-SNN - Fusing features
MMF[41] Slide-Clinical AMIL-SNN -- Fusing features
DeepClinMed-PGM[44] Slide-Clinical Random Forest CLAM Fusing features
MDL-MSG[47] Slide-Clinical 3D-CNN -- Fusing features
. . Fusing features with consensus
GAMDL[3] Clinical Bi-AM mRMR information
Fully connected
DFRMGD[5] Clinical neural network Autoencoder  Fusing features
(FCNN)
LMIR[38] Clinical FCNN PCA Fusing features
SiGaAtCNNSs[39] Clinical CNN-AM mRMR Fusing features
MultiSurv[40] Clinical NN Autoencoder  Fusing features
CAMR[42] Clinical FCNN Autoencoder  Fusing information only
MODAE[46] Clinical SVM Autoencoder  --
Proposed multimodal deep Fusing features with consensus
learning -multigenetic ~ Clinical CNN-BLSTM-AM PCA

features (MDL-MG)

features

3.Methods

Figure 4 illustrates the proposed MDL-MG system
for predicting cancer survival rates using multimodal
DL and various genetic characteristics. The MDL
architecture integrates a hybrid CNN, BLSTM, and
CAM following the preprocessing of multigenic
datasets to extract essential features. An orthogonal

A 4

Dataset collection and
preprocessing
y
Feature engineering

A\ 4

\ 4

Siamese network

Figure 4 Proposed MDL-MG main steps
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constraint is applied to aggregate similar samples,
while the Euclidean distance facilitates the grouping
of related data. Contrastive loss is utilized to
distinguish samples from different classes and cluster
samples from the same class, thereby enhancing data
separability. The subsequent sections provide a
detailed account of the proposed system.

Performance
Model fitting for Metrices
training parameters AUC
Adam optimizer A;curacy
; a3 ecall
Learning rate =3e a Precisi
» recision
No of epochs=10
Batch size=32 ROC curve
atch size= Confusion matrix
F-Score
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3.1Data collection and preprocessing

Three types of genetic data are utilized in this study:

miRNA expression, DNA methylation, and mRNA.

The breast cancer datasets employed were obtained

and preprocessed based on the work referenced in

[49].

Following the download of data from the cancer

genome atlas (TCGA) website [50], three

preprocessing steps are performed:

1. Sample Selection: Patient samples with more than
20% missing data for a specific data type are
removed. For missing data imputation, genes with
more than 20% missing values are filtered out,
while those with fewer missing values are
completed using k-nearest interpolation.

2. Normalization: The z-score transformation is
applied to normalize the data.

The dataset contains records from 109,767 patient
samples, categorized into 105 main groups based on
feature similarity. Patients with survival durations
exceeding 300 days are classified as having medium
or high survival rates. A low survival rate is assigned
to patients with survival durations below 300 days,
particularly when deaths are recorded. Survival rates

Dimension reduction
using PCA

are labeled as follows: 1 for high survival and O for
low survival. Each dataset varies in the number of
features, as detailed in Table 2.

Table 2 genetic dataset dimensionality

Dataset Feature size
mRNA 17814
miRNA 354

DNA 23094

3.2Feature engineering

The proposed feature mapping method ensures that
the number of features in the analyzed datasets is
aligned. All datasets must be of equal size to compute
the consensus feature. Consequently, dimensionality
reduction is applied, as increasing the dimensionality
of a dataset with limited features—such as miRNA
with 354 dimensions—would be impractical.
Afterward, distinct features from the datasets are
combined with the consensus features before being
utilized. The proposed hybrid CNN-BLSTM-CAM
architecture accepts input derived from these fused
features. Figure 5 illustrates the proposed steps for
feature engineering.

PCA features

uoIsny ejeq

Consensus features

Figure 5 Proposed feature engineering
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3.2.1Dimensionality reduction

The three utilized datasets contain varying numbers
of features; therefore, PCA [51, 52] was employed to
compress the information from the large datasets into
a collection of summary indices. This approach
facilitates easier presentation and analysis while
minimizing the loss of critical information. The
objective is to extract essential information from the
three datasets. This aids the next step, which involves
utilizing common features from all three datasets for
fair decision-making.

3.2.2Consensus feature

The consensus feature representation involved
calculating the average of the PCA features across
the three datasets. In comparison to the PCA features
derived from merged datasets, these shared features
provide a greater depth of information.

3.2.3Data fusion

The consensus features and significant PCA features
from the three genetic datasets have been combined
to form a composite collection of features. When
used together, these features provide a full picture of
the model training process.

SN
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3.3Proposed hybrid CNN-BLSTM-CAM model
architecture

The hybrid CNN-BLSTM-CAM model is designed

with two configurations.

1. 5CNN-2BLSTM-2CAM Model (Configuration
A): This architecture consists of two main phases.
In the first phase, batch normalization layers are
positioned after five convolutional layers that
utilize the ReLU activation function for
regularization. In the second phase, two BLSTM
layers analyze spatial sequences, while two CAM
layers enhance feature recognition. Finally, global
max pooling is applied, and the output is flattened
before being passed through two FCNN layers.
The Softmax activation function is then used to
generate the predicted classes.

2. 2CNN-BLSTM-CAM Model (Configuration B):
This configuration includes two CNN layers with
ReLU activation, followed by a single BLSTM
layer integrated with a CAM layer. The remaining
layers and processing steps are identical to those in
the first configuration.

Figure 6 illustrates the layer architecture for both

configurations of the proposed model

—» >

Convld + RelLU +Batch Normalization

BLSTM+ Batch Normalization

Attention Layer

Max pooling

Fully connected.

. Flatten + Dropout.

- Qutput layer

Figure 6 Proposed Architectures (a) Configuration of 5CNN-2BLSTM-2CAM Model (b) Configuration of 2CNN-

BLSTM-CAM model

The parameters used and the order of the layers are
shown in Table 3. The setup for the two
configurations of the hybrid CNN-BLSTM-CAM
system began with one-dimensional convolutional
layers, each with a distinctive filter number.
'He_Uniform' was the method that initiated the first
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layer. The activation function used by each
convolution layer was ReLU. Bach Normalization
layers are added after each convolutional layer and
the BLSTM layers to stop the training dataset from
being too well fitted. The absence of batch
normalization considerably affects the learning
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process by impacting the first set of training samples.
Before the last dense layer, there is a dropout layer
with a 50% rate, this makes the model more stable
and less reliant on any one node. As a result,
characteristics that are unique to later samples or

batches may become undetectable. The second part
of the CNN-BLSTM-CAM architecture is the
BLSTM with 128 filter in by mean of 64 filter from
each direction.

Table 3 Proposed CNN-BLSTM-CAM layers and parameters for two configurations (padding="same’, stride="1")

Parameters o Parameters _ Activa_ttion
Layer (Number of filters, éctlv_atlon Layer (!\lumber of fllt(_EI’S, Function
filter size, initializer) untion fll.te.r . SIZ€,
initializer)
Configuration A Configuration B
Convl (256, 2, He_Uniform)  RelLU Convl (256, 2, He_Uniform) RelLU
BN1 BN1 RelLU
Conv2 (128,2, None) RelLU BLSTM 128 ReLU
BN2 CAM (128,2, ReLU
Glorot_uniform) SoftMax
Conv3 (64, 2, None) ReLU Conv2 (64, 2, None)
BN3 G-Maxpooling
Conv4 (32, 2, None) RelLU Flatten
BN4 Hidden layerl 128
Conv5 (64, 2, None) ReLU BN2
BN5 Hidden layer2 64
BLSTM 128 Dropout 50%
BN6 Output layer 2
CAM (128,2, Glorot_uniform)
BLSTM 128
BN6
CAM (128,2, Glorot_uniform)
Convé (64, 2, None) RelLU
BN8
G-Maxpooling
Flatten
Hidden layerl 128 RelLU
BN9
Hidden layer2 64 RelLU
Dropout 50%
Output layer 2 SoftMax

In the third part of the architecture following each
BLSTM layer is the CAM. This research requires a
large NN to analyze methylation, mRNA, and
miRNA expressions. Utilizing the attention layer
enables the model to progressively focus on the most
relevant portions of large inputs, enhancing its ability
to extract critical features and generate more accurate
predictions.

Based on the previously discussed points,
implementing CAM helps the model highlight the
most significant data points, indirectly maximizing
relevance and reducing redundancy in the learned
features.  Additionally, the model employs
‘Glorot uniform’ for weight initialization in all
attention layers and utilizes the Softmax activation
function in its final layer.
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The fourth part of the CNN-BLSTM-CAM
architecture is applying global max pooling and
flattening the results. Global pooling layers can
decrease the size of the network and may be less
prone to overfitting due to their lack of learnable
parameters. Moreover, these networks may withstand
input data spatial translations with higher robustness.
The entire resulting matrix from the pooled feature
maps is then flattened to produce a single long
continuous linear vector. To classify the output, the
flattened matrix is fed into the FCNN layer.

After flattening, two NN hidden layers are employed
with different hidden nodes activated by RelLU
function. The number of nodes in each layer are 128,
and 64 respectively. Each is followed by batch
normalization layer. The final layer, the output layer,
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uses the Softmax activation function to categorize the
output into two classes. These two classes represent
the final labels of either long or short survival time.
The proposed CNN-BLSTM-CAM network is
assembled into SN assigning the concatenated PCA

features of the three datasets. The SN employs the
use of contrastive loss function to calculate the
Euclidean distance between its two outputs. Figure 7
illustrates the SN architecture used in the proposed
model.

h 4

Contrastive Loss

Euclidean distance function (L,)

y

A

> CNN-BLSTM- q Feature embedding
CAM architecture d
Input X
W N A \
‘ H
o e 1
|
{111 |
Input x’ i
» CNN-BLSTM-CAM > Feature embedding

architecture

Figure 7 Proposed SN-based CNN-BLSTM-CAM architecture

4.Results

4.1System specifications

The proposed system was developed and evaluated
on a 12th-generation local computer equipped with a
Core i7 central processing unit (CPU), a 3.8GB Iris
Xe graphics processing unit (GPU), and 8GB of
shared random-access memory (RAM). The system
was implemented in a Python 3.11.4 environment
using the TensorFlow library for ML, with Keras
serving as the high-level application programming
interface (API).

4.2Parameter selection

The dataset was preprocessed and then randomly split
using the train-test-validation method. Eighty percent
of the data was allocated for training, 10% for
validation, and 10% for testing. With 84 PCA-
derived features from each dataset, plus the
consensus features, a total of 336 unique
characteristics was used for each patient. The
distribution of the dataset split is illustrated in Figure
8.

the highest accuracy. Utilizing the early stopping
mechanism, training automatically terminates after
seven consecutive iterations without an improvement
in validation accuracy. Table 4 provides a detailed
tabular representation of the final parameter
selections.

80% —— Training

o} —
@— 10% ——{ Validating
\— 10% — Testing

Figure 8 dataset split

Table 4 Hyper-parameters selected for model

An adaptive learning rate was implemented, starting
at le-3, to adjust the rate for the Adam optimizer.
Reduced learning rate scheduling was applied,

learning

Parameters Value

Batch size 16

Learning rate le-3 to 1le-7 with step size 1le-2
Epochs Max 100 with Early Stopping

decreasing the learning rate after three epochs of no
improvement in validation loss. The new learning
rate was set to 1% of the previous rate, but not lower
than le-7. An adaptive learning rate helps the model
overcome local minima. Four distinct batch sizes (16,
32, 50, and 64) were evaluated, along with other
parameters, to determine the configuration that yields
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4.3Experimental results and evaluation metrics

The performance of the proposed MDL-MG model
was evaluated using various measurement metrics.
Among these, recall measures the proportion of
actual relevant values correctly identified, while
precision assesses the relevance of the predicted
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values. Accuracy is also considered as a key
evaluation metric [53]. Another crucial metric is
system complexity, which is quantified using
floating-point operations per second (FLOP/s). The
breakdown of FLOP calculations for each layer is
detailed in Equations 11 to 15 [54, 55].

FLOPeyny = 2 X Hoye X Woye X Coye X

(Cin X kh X kw) (11)

FLOPspcyy = 2 X (Input Units X Output Units)
(12)

FLOPsg sty =2 X 8h(d+h) X T (13)

FLOPsc4y = 3 X 2 X (batch X seqe, X d?) +
4 x (Batch X seqen? X d) + 5 X Batch X seqe,?

(14)
Total FLOPs = FLOP.yy + FLOPSg ey +
FLOPScay + FLOPSpcnn (15)

Where

H,,; and W,,,. denote the output height and width.
Cin and C,,,; represent the channel input and output,
respectively.

ky, and k,, are kernel height and width, respectively.
d represents the input size, h denotes the hidden size,
and T indicates the sequence length.

Figure 9 shows the training and validating accuracy
of proposed model in each epoch. while comparison
was performed between the proposed MDL-MG and
five other models utilizing clinical datasets from the
literature (Table 1), specifically: GAMDL [3],
DFRMGDI[5], LMIR [38], SiGaAtCNNs [39], and

Training and Validation Accuracy

CAMR [42]. Figure 10 presents a comparison of
these methods based on the performance metrics of
precision, recall, and accuracy. The proposed MDL-
MG model achieved 95% and 100% accuracy for
Configuration A and Configuration B, respectively,
demonstrating improvements of 4.2% and 9% over
other models. Configuration B further enhanced
precision and recall by 16% and 21% compared to
other models and by 5% relative to Configuration A.

A test's diagnostic success is determined by the
receiver operating characteristic (ROC), which uses
high values for specificity and sensitivity. It is also
employed in the comparison of these values acquired
at various cut-off positions. True positive values
(sensitivity) are plotted on the ROC curve as a
function of false positive values (1-specificity) with
respect to various intersection points. The
sensitivity/specificity ratio in relation to a specific
threshold is shown by each point on the curve. How
well a parameter separates the two groups is
indicated by the area under the curve (AUC). As the
curve rises, the number of accurately detected
positive results also rises and -indicate higher
separation between classes. Any AUC that is less
than 0.5 suggests that the model is behaving
erratically and incorrectly. The ideal range for an
AUC score in Pecan is generally greater or equal
0.65.
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Figure 9 Training and validation accuracy per epoch (a)Configuration A(b) Configuration B

Figure 11 presents the ROC curves of the competing
models on the same datasets. The figure also shows
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the AUC value for each model. Configuration A of
the proposed model achieved an AUC of 0.99816 and
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configuration B achieved 1.0 with an increased by distinguish between the two classes, and only one
36.5%, over other comparable models. The AUC individual with a medium survival rate will be
value is an indication for the overall performance of classified as having low survival rates.

the system. This indicates that the model can

Precision, Recall, and Accuracy Precision, Recall, and Accuracy
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Figure 10 Performance comparison for breast cancers survival prediction of several models (a) Configuration A (b)
Configuration B
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Figure 11 ROC curves for Breast cancers survival rate prediction of several models (a) Configuration A (b)
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Figure 12 presents the confusion matrix of the exhibited one false positive case. Medium survival
proposed model. A total of 87 patient cases with rates that are close to the threshold may be classified
medium or high survival rates and 18 patients with as high survival rates, and this false positive case
low survival rates were used for model training and falls within that category. Since no patients with poor
testing, respectively. survival rates were misclassified as low-risk cases,

this error rate is considered acceptable. Configuration
During the training phase, all samples were B showed no falsely classified cases.

accurately classified; however, Configuration A
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Figure 12 ROC curves for breast cancers survival rate prediction of several models (a) training of configurations A
and B (b) testing Configuration A (c) testing Configuration B

Model architectures were assessed to illustrate the
influence of each component on the attained
accuracy. Table 5 presents a comparison of CNN
solely, CNN BLSTM, configuration A, and
configuration B of the proposed model for accuracy,
precision, recall, AUC, Fl-score, FLOPs, training,
and testing time. Configurations A and B are

compared both with and without the influence of the
SN. This comparison also includes the multi-omics
bidirectional ~ encoder  representations  from
transformers (MoBERT) [56], a DL model adapted to
predict cancer survival rates instead of disease
prognoses for subtype categorization, employing the
same dataset.

Table 5 comparison of different model scenarios for 100 epochs

Case - F1- T_r ain TESt
Model SN Accuracy Precision Recall AUC FLOP time time

No score
(sec) (sec)
1 2CNN-Only 0.7143 0.6553 0.8095 0.7368 0.7243 5,809,740 11.548 0.055
2 5CNN-Only 0.8095 0.8603 0.7143 04211 0.7689 16,384,620 18.167 0.058
3 2CNN-BLSTM v 0.9048 0.8186 0.9048  0.8737  0.8595 5,916,108 23.682 0.066
4 5CNN-2BLSTM 0.9048 0.9524 0.9048 0.5818 0.9181 17,859,180 61.296 0.082
5 Configuration A 0.9524 0.9571 0.9523 0.98816 0.9451 39,844,406 54918 0.076
6 Configuration B 1.0 1.0 1.0 1.0 1.0 17,431,584 45.121 0.166
7 Configuration A 0.7143 0.7983 0.7143  0.6737  0.7541 39,844,406 51.765 0.073
8 Configuration B N 0.8095 0.8553 0.8095 0.6035 0.7243 17,431,584  43.524 0.066
9 MoBERT [57] 1.0 1.0 1.0 1.0 1.0 157,229,188 1.8525 0.011

The optimal model is the one that delivers the
maximum accuracy, precision, recall, and AUC,
while also exhibiting minimal FLOPs, training time,
and testing time. An analysis of the results presented
in Table 5 indicates that the incorporation of a
BLSTM layer built on the CNN layer improved the
first categories of performance metrics, yet at the cost
of increased FLOPs and extended training/testing
time. With the superiority of case 3 compared to case
4. In cases 5 and 6, the addition of the CAM layer
demonstrates an improvement over prior cases,
except in terms of FLOP count, which signifies an
increase in system complexity. It is noteworthy that
configuration B in instance 6 exhibits fewer FLOPS
than case 4, while demonstrating superior
performance metrics and reduced training/testing
duration. Cases 1 to 6 employed SN, whereas cases 7
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to 9 did not. The impact of SN is evident when
comparing the results of cases 5 and 7 as well as
cases 6 and 8, demonstrating that the incorporation of
SN significantly improved accuracy while causing
minimal variation in training and testing duration.

Specifically, accuracy increased by 23.8% for
Configuration A and 19% for Configuration B.
The comparison in Table 5 indicates that

Configuration B achieves the highest values across
various metrics, while the MOBERT model exhibits
similar performance in the absence of the SN effect.
Configuration B also demonstrates the lowest FLOPs
compared to MOBERT, although MOBERT achieves
the shortest training and testing durations among all
models.
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Since different dimensionality reduction methods are
used in model comparisons, these methods influence
training and testing times. Table 6 presents a
comparison of the training and testing durations for
PCA, mRMR, and Autoencoder under identical
training conditions.

Table 6 training and testing time of different
methods

Method Training Testing
time(seconds) time(seconds)
PCA 22.4630 0.0664
mRMR 33.4773 0.1452
Autoencoder 181.2867 0.9947

SHapley Additive exPlanations (SHAP) [57] values
were computed for the PCA features used in training
to illustrate their influence on model decisions. A
summary plot is presented in Figure 13. The Figure
13(a) shows 50 of the most utilized features, with
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model predictions are provided in Figure 14. The
data reveals that methylation then gene expression
have a substantially greater influence on survival rate
prediction then comes the consensus and finally
miRNA, which highlights the usefulness of this
method in gathering comprehensive omics patterns.
This leads us to suggest that the model is defensive
and does not correspond with survival risk, while the
data from transcriptomics is a reliable predictor of
survival in breast cancer, with epigenetic regulation
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5.Discussion

This paper aims to enhance the predictability of
cancer survival rates by leveraging prior studies that
utilized multi-omics approaches for this purpose. A
major challenge in using three databases is the large
number of features that must be processed by the DL
algorithm. The initial task involved reducing the
number of features while preserving the most
informative and valuable ones. After thoroughly
evaluating different feature reduction technigues,
PCA was identified as the most efficient method for
dimensionality reduction. PCA effectively retains
informative features while minimizing training and
testing  time,  outperforming mMRMR  and
Autoencoders used in previous research.

In this research, various DL techniques were
implemented, including CNNs and BLSTM
networks. CNNs are widely recognized for their
ability to extract meaningful features using multiple
filters, while BLSTM facilitates learning from both
past and future data over time. The CAM enhances
feature focus during the learning process.

Two architectures of the hybrid CNN-BLSTM-CAM

model were examined:

1. The first architecture consists of five CNN layers,
two BLSTM layers, and two CAM layers.

2. The second architecture includes two CNN layers,
one BLSTM layer, and one CAM layer.

In both architectures, SN were implemented, utilizing
Euclidean distance and a contrastive loss function to
identify similarities between Configuration A and
Configuration B. The inclusion of SN improved
precision by 23.8% in Configuration A and 19% in
Configuration B.
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AUC, another key evaluation metric, demonstrated
an improvement in class separability, aiding in early
identification of patients requiring urgent medical
intervention. A confusion matrix was used to detect
misclassified instances. While Configuration B
exhibited no misclassification, Configuration A
presented one false positive case, where a patient
labeled with high or medium survival rates was
misclassified as low survival rate. Although this
misclassification slightly reduced overall system
accuracy, it is reasonable, as survival rates sometimes
fall close to the threshold dividing different classes.
The primary concern is avoiding false negatives, as
they pose a greater risk than false positives.

The hybrid learning approach demonstrated its
effectiveness by enhancing accuracy, precision,
recall, ROC, and AUC. Configuration B consistently
outperformed Configuration A and individual model
components, while achieving performance
comparable to MOBERT. MoBERT had the shortest
training/testing duration among all models; however,
Configuration B surpassed MoBERT by reducing
system complexity by 139.8 GFLOPs. The results
indicated that the proposed model relies more heavily
on PCA features from mRNA and DNA datasets for
prediction than on PCA features from consensus and
miRNA datasets.

Limitations

One limitation of this study is the size constraint of
the TCGA dataset, particularly for rare breast cancer
subtypes. The imbalance in the dataset (e.g., a higher
proportion of long-term survivors) may introduce a
bias toward the majority class. Additionally, due to
variations in dataset sizes, PCA processing is limited
by the smallest dataset. While PCA effectively
identifies the most relevant features, incorporating
additional features could further enhance survival
rate predictions.

A complete list of abbreviations is listed in Appendix
I

6.Conclusion and future work

This research developed a DL-based algorithm for
predicting cancer survival rates. The proposed
approach aimed to enhance survival rate prediction
compared to previous studies in multiple aspects. The
first improvement focused on reducing the number of
features in the multi-omics dataset using PCA for
dimensionality reduction. The second enhancement
involved generating shared features from PCA.-
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derived features across all datasets and using them as
training inputs.

Two distinct configurations of the hybrid CNN-
BLSTM-CAM learning algorithm were developed.
Both configurations employed a contrastive loss
function within a SN architecture to compute the
Euclidean distance between the two models. The
proposed model was evaluated against other models
to demonstrate its efficiency, achieving equivalent or
superior performance in accuracy, precision, recall,
and AUC compared to state-of-the-art models.
Additionally, it effectively managed computational
complexity while maintaining high accuracy.

To gain deeper insights into feature importance, the
research incorporated the SHAP measure. The
findings revealed that features derived from miRNA
and DNA expressions had the most significant impact
on predictions, followed by the generated consensus
features.

For future studies, a scalable network capable of
handling large datasets while maintaining high
prediction accuracy could be developed.
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Appendix |

S. No. Abbreviation  Description

1 Al Artificial Intelligence

2 AM Attention Mechanism

3 API| Application Programming Interface

4 AUC Area Under the Curve

5 BLSTM Bidirectional Long  Short-Term
Memory

6 CAM Custom Attention Mechanism

7 CNN Convolutional Neural Networks

8 CPU Central Processing Unit

9 DCNN Deep CNN

10 DFS Disease-Free Survival

11 DL Deep Learning

12 DNA Deoxyribonucleic Acid

13 FCNN Fully Connected Neural Network

14 FLOP Floating-Point Operations

15 GPU Graphics Processing Unit

16 HDI Human Development Index

17 MDL-MG Multimodal Deep Learning -
Multigenetic Features

18 miRNA Micro Ribonucleic Acid

19 ML Machine Learning

20 MOBERT Multi-Omic_s Bidirectional Encoder
Representations from Transformers

21 MRI Magnetic Resonance Imaging

22 mRMR min-Redundancy and Max-
Relevance

23 NN Neural Network

24 PCA Principal Component Analysis

25 RAM Random-Access Memory

26 ReLU Rectified Linear Unit

27 RNN Recurrent Neural Network

28 ROC Receiver Operating Characteristic

29 SHAP SHapley Additive exPlanations

30 SN Siamese Network

31 TCGA The Cancer Genome Atlas
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