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DNA copy number variation (CNV) is the type of DNA variation which is associated with various human diseases. CNV ranges in
size from 1 kilobase to several megabases on a chromosome. Most of the computational research for cancer classification is
traditional machine learning based, which relies on handcrafted extraction and selection of features. To the best of our knowledge,
the deep learning-based research also uses the step of feature extraction and selection. To understand the difference between
multiple human cancers, we developed three end-to-end deep learning models, i.e., DNN (fully connected), CNN (convolution
neural network), and RNN (recurrent neural network), to classify six cancer types using the CNV data of 24,174 genes. The
strength of an end-to-end deep learning model lies in representation learning (automatic feature extraction). The purpose of
proposing more than one model is to find which architecture among them performs better for CNV data. Our best model achieved
92% accuracy with an ROC of 0.99, and we compared the performances of our proposed models with state-of-the-art techniques.
Our models have outperformed the state-of-the-art techniques in terms of accuracy, precision, and ROC. In the future, we aim to

work on other types of cancers as well.

1. Introduction

The change in the DNA refers to the term genetic variation
which makes us all unique. There are different forms of
genetic variation, and most of them are well understood. It
can involve changes in the DNA nucleotide or chromosome
structure [1, 2]. Human genome is well-off in structural
variation where copy number variation (CNV) is the most
communal type which is the change in the number of copies
in a specific area of the genome [3]. In the 1000 Genome
Project data, CNV is known as copy number polymorphism
(CNP) [4]. CNVs are DNA regions ranging in size from 1k
bases to several megabases [5]. CNV is normally due to
insertion, deletion, and/or duplication of the chemical bases
(nucleotides). Some CNV's appear first time in the parent’s

germ cell called de novo, while others are inherited [6].
Usually, the cell has two copies of each gene; CNV occurs
when a part of a gene is deleted or duplicated [7].

Copy number variations affect transcription in humans
[8] and have been related to different diseases such as cancer,
autism, and schizophrenia [9-11]. All over the world, the
most common risk that impends human health is cancer [12].
Cancer is a class of disease which results in irregular growth
of cells and is one of the leading causes of human death. The
mortality rate of humans due to cancer is about 14.6% each
year [13]. Phenotypic variation may also be due to CNVs
[6, 14]. The data obtained from CNVs can also be used to
classify tumors into malignant and benign [15, 16]. A number
of research articles agree that somatic CNVs are mostly
associated with the progression of various cancers [17-20].
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Machine learning practitioners have proposed a lot of
techniques to identify one or multiple types of cancer(s)
using various types of genomic data, each with different
weaknesses and strengths. During the health checkup, the
colonoscopy screening is broadly known for the evaluation
of colorectal cancer (CRC) risk, but due to its discomfort and
complexity, more reliable and comfortable methods were
necessary for the CRC screening. A comprehensive study is
presented by Ding et al. [21] about machine learning ap-
plications in CNV-based cancer prediction.

Dealing with high-dimensional and heterogeneous data
remains a key challenge in healthcare [22]. Traditional
methods of machine learning firstly need to perform feature
extraction and selection to obtain more useful features from
the data and then build prediction models on them. The
advancement in deep learning technologies provides effec-
tive approaches to obtain end-to-end learning models. Deep
learning is a fashionable toolbox and has become popular for
big data [23, 24] especially in the field of genomics due to its
performance in prediction problems. It is used for many
processes such as predicting DNA sequence conversation,
identifying enhancers and promoters, and detecting genetic
variation from DNA sequencing. The advancement and
fruitful applications of deep learning in different fields of
genomics reveal that it can be used for cancer classification
from CNV data [22, 25-27].

Different computational models for the cancer classifi-
cation based on copy number variation data are available.
The most recently developed model achieves an accuracy up
to 85%. The copy number variation data are high dimen-
sional in nature and difficult to handle by the classical
machine learning techniques. In this study, we implemented
deep learning models that successfully used 24,174 genes of
CNV levels to classify six types of cancers: breast adeno-
carcinoma (BRCA), urothelial bladder carcinoma (BLCA),
colon and rectal carcinoma (COAD/READ), glioblastoma
multiforme (GBM), kidney renal clear cell carcinoma
(KIRC), and head and neck squamous cell (HNSC). The
highest obtained average training accuracy is 96%, while
testing accuracy is 92%. We have proposed three different
deep learning architectures, and all of these models have
outperformed state-of-the-art techniques in terms of ac-
curacy, ROC, and precision, while two of our networks have
outperformed the state-of-the-art models in terms of recall
(see Table 1). So, the contribution of this work is not only to
improve the performance (accuracy) of the cancer classifier
using an end-to-end model but also to find out which ar-
chitecture among DNN (deep fully connected neural net-
work), CNN, and RNN is suitable for CNV data. According
to our finding, DNN performs better than the rest of the two.

We have discussed the literature review in Section 2,
while Section 3 covers the explanation of the dataset and
architectures of our models. Section 4 deals with the training
process of our models along with obtained results and our
findings. Finally, we have concluded our work in Section 5.
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2. Related Work

Xu et al. [28] have identified the chromosomal alterations in
plasma for early detection of CRC. They analyzed the CNVs
in cfDNA (cell-free DNA) by using the regular z score, and
the SVM classifier was trained for identification of colon and
rectal cancers. The patients with early two stages (I and II)
were detected. Brody et al. [29] used blood samples of 8,821
different patients. For feature extraction, they have extracted
germline DNA copy number variation data by a single
laboratory with an SNP 6.0 array. The gradient boosting
algorithm is used to predict breast, ovarian, brain, and colon
cancers. Ricatto et al. [30] used a discretizer for feature
extraction and a fuzzy rule-based predictor for tumor
classification.

In women, breast cancer is the most common type of
cancer, which has further subtypes [31]. Pan et al. [32]
carried out feature extraction and selection using MCFS
(Monte Carlo feature selection). IFS (incremental feature
selection) is used to better represent the core CNVs in
different subtypes of breast cancer, and then, the dag-
stacking model is integrated to detect multiple types of
breast cancer. Islam et al. [33] focused on the prediction of
molecular subtypes of breast cancer. They performed the
experiments to identify binary classes, i.e., estrogen receptor
(ER+ and ER-) and multiple classes, i.e., PAMS50 (luminal A,
luminal B, Her2 enriched, and basal-like). Afterwards, they
performed the chi-square test to select the topmost signif-
icant genes. For classification, DCNN (deep convolution
neural network) was used. Lu et al. [34] also focused on the
classification of breast cancer. The authors have introduced a
module-based network integrated with genomic data to
identify important driver genes in BRCA subtypes. CNV
analysis was performed by Li et al. [35] on tumor devel-
opment. The use case was breast cancer, where they collected
data from the TCGA-BRCA project. They searched OMIM
(Online Mendelian Inheritance in Man) for most relevant
CNVs. They have chosen six candidate genes: ErbB2, AKT2,
KRAS, PIK3CA, PTEN, and CCNDI. Furthermore, they
have constructed two types of distance-based oncogenetic
trees to find which of the above candidate genes play a
significant role in the development of breast cancer. Their
findings showed that ErB2 has early alteration, while AKT2,
KRAS, PIK3CA, PTEN, and CCNDI have late alterations in
human breast cancer. Alshibli et al. [36] have proposed deep
convolution-based neural networks for CNV data to classify
six types of cancer. They have lent the famous computer
vision architectures, i.e., ResNetl6 and VGG16. Their av-
erage accuracy is 86%. They reported that their proposed
model has the lowest performance for UCEC (uterine corpus
endometrial carcinoma).

To understand the association of CNVs with various
types of human cancer, Zhang et al. [37] collected CNV data
of different cancer classes consisting of 24,174 genes as
features. The feature selection was carried out using minimal
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TaBLE 1: The average performances of different models along with the state of the art.
S. no Models Train Acc Val Acc (%) ROC area Precision Recall
1 DNN;, 95% 91 0.99 0.88 0.87
2 DNN; 96% 92 0.99 0.89 0.88
3 LSTM 95% 91 0.98 0.89 0.85
4 1D-CNN 88% 90 0.98 0.88 0.85
5 Sana Fekry et al. [38] — 85.9 0.965 0.852 0.862

redundancy maximal relevance (mRmR) and incremental
feature selection (IFS), which resulted in the selection of 200
genes. The dagging model is used for the classification phase
of multiple types of cancer. Fekry et al. [38] also worked on
these CNV levels of 24,174 genes to classify a set of human
cancer types named as breast adenocarcinoma (BRCA),
urothelial carcinoma (BLCA), colon and rectal carcinoma
(COAD/READ), glioblastoma multiforme (GBM), kidney
renal clear cell carcinoma (KIRC), and head and neck
squamous cell (HNSC). They selected 16,381 important
genes of CNV levels using the filter method (i.e., information
gain). For classification, they used seven different classifiers:
support vector machine, j48, neural network, random forest,
logistic regression, dagging, and bagging. The authors in [39]
have contributed to cancer classification using the self-
normalizing neural network. They have used Monte Carlo
feature selection and incremental feature selection (IFS).
They have worked on multiple cancer types and obtained
79% accuracy.

Most recently, researchers are using CNV data along with
other modalities such as clinical and/or gene expression data to
improve the performance metrics of their models. A contri-
bution is made by researchers in [40] using multimodality data
to classify subtypes of breast cancer with the help of the SVM
(support vector machine) and RF (random forest). A deep
learning model using multi- modality data is used to predict the
subtype of breast cancer in [41, 42]. Another deep learning
model along with multimodalities of data is used in [43] to
predict Alzheimer’s disease. The researchers in [44] have
trained their deep learning model on multimodalities to predict
therapeutic targets in breast cancer. A comprehensive com-
parison of multimodalities is presented in [45].

3. Materials and Methods

3.1. Dataset. For experimentation, we have selected the same
dataset used by [38] in order to be compatible in result
comparison. The said dataset is composed of six cancer types
containing DNA CNVs of 24,174 genes (features/dimen-
sions) for 2916 samples; therefore, the shape of the dataset is
Xoo16x24174 1f X is the input dataset. This dataset was taken
from the cBioPortal for Cancer Genomics database http://
cbio.mskcc.org/cancergenomics/pancan_tcga/. The database
contains 11 different types of cancer, and each cancer type has
its own samples. The CNV levels were regularized into five
distinct values in the database with —2 for homozygous de-
letion, —1 for heterozygous deletion, 0 for diploid, 1 for low-
level gain, and 2 for high-level gain. In this research, we used
six different types of cancer, which are listed in Table 2, with
names and the number of samples in each class (cancer type).

TaBLE 2: The distribution of samples with respect to each cancer
type in our dataset.

No of
Sr. Cancer type samples
0 BRCA (breast carcinoma) 847
1 BLCA (bladder urothelial) 135

COAD/READ (colon and rectal
2 . 575
adenocarcinoma)

3 GBM (glioblastoma multiforme) 563
4 KIRC (kidney renal cell carcinoma) 306
5 HNSC (head and neck squamous cell) 490
Total 2916

3.2. Our Proposed Models

3.2.1. DNN (Deep Fully Connected Neural Network). An
artificial neural network (ANN) is a powerful computational
tool that mimics the human brain working behavior [46]. A
neural network (NN) consists of a set of neurons arranged in
layers such as the input, hidden, and output layer. A single
neuron takes an input vector, calculates the weighted sum,
and applies the activation function to decide whether it
should fire or not. In the fully connected neural network,
every neuron of the previous layer is connected to all
neurons of the next layer.

For a network of L number of layers, the I'" layer is
specified by the associated weight matrix W € gl
where nl=1 and nl"! represent the number of neurons in
previous and current layers, respectively. The weighted
summation of the I'" layer is given by

ZU=wTAl 4l (1)

where b € R™"*! is the bias vector and A1l € RI-1"1 i
the activation map of the previous layer.

To speed up the network convergence [47], we have used
the batch normalization that scales the Z!! in a specified range.
Algorithm 1 explains the batch normalization in detail.

In Algorithm 1, the parameters y and § maintain the
expressive power of the network, while € is a small positive
constant added for computational stability [48]. During the
forward pass, an activation map Al is estimated for each
layer, I = 1,2, ... L, to know which neuron should be fired:

Al g(Z[”>, 2)

where g is the activation function. Here, we have used the
rectified linear unit (ReLU) as an activation function for all
hidden layers:
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ALGORITHM 1: Batch normalization.
m_ S\ =0 of 10 filters, each of size 5, and the ReLU as an activation
AT = ReLU<Z ) - max(O, Z ) (3 function. For the activation function in the output layer, we

The ReLU expedites the training and avoids the van-
ishing gradient [49]. The last layer in the network is called
the output layer (classification layer), which gives the
probability of occurrence of different classes. Let there are K
classes, and then, the probability of the dominant class is
given by the softmax function:

y =argmax{ — t» (4)
k Zszl e

where z,EL] is the weighted sum of the k™ unit of output layer
L. In our case, the data contain six classes; thus, we set K = 6.

In the deep fully connected neural network (DNN)
category, we have implemented the networks from shallow
to deep by increasing hidden layers one by one. Further-
more, the number of neurons is reduced with a factor of ~ 2
from beginning to end, to achieve dimensionality reduction.
We started with a network of three hidden layers as shown in
Figure 1 and continued up to seven layers. Aforementioned,
we have used ReLU as an activation function in hidden
layers with batch normalization and softmax at the output
layer. To overcome the issue of overfitting, we have used
dropout layers as well. For more details about the dropout
layer, read the work of Srivastava et al. [50]. Note that, each
input vector X contain 24,174 features, while the activation
map, AL=1, of the last hidden layer contains 150 features,
which shows dimensionality reduction. For training, the
Adam optimization algorithm along with categorical
crossentropy as a loss function is used.

3.2.2. 1D Convolutional Neural Network. We have also used
the 1D1 D convolutional neural network (1D — CNN) for
cancer classification. Normally, the CNN contains two parts:
(1) convolutional layers that are responsible for feature
extraction [51, 52] and(2) the fully connected layer that is
responsible for classification. Our proposed 1D — CNN
contains two convolutional layers followed by one fully
connected layer. Every convolution layer is followed by a
stack of max pooling, batch normalization, and dropout
layers. Figure 2 presents the detailed architecture of the
proposed model.

Note that, the first convolutional layer contains 20 filters,
each of size 5, and the ReLU as an activation function.
Similarly, the second convolutional layer consists of a stack

have used softmax (See equation (4)).

3.2.3. LSTM (Long Short-Term Memory). LSTM is one of the
popular flavors of the RNN (recurrent neural network) with
three special gates, i.e., the input/update, forget, and output
gate, as shown in Figure 3. The key gate is the forget gate that
is used to keep long-term dependency intake. It is the long-
term dependency preservation that makes LSTM suitable for
sequential data analysis [53].

In our proposed model, we have used 24 LSTM units,
ReLU as an activation function followed by a batch nor-
malization layer and then the output layer.

4. Results and Discussion

The dataset was split into training and testing with 80% and
20%, respectively, to examine the performance of our pro-
posed models. The methodology that we have adopted is
shown in Figure 4. The testing and validation dataset are the
same; that is why, validation and testing metrics are the same.
The representation learning implicitly exists in the model (s).
The worth of representation learning using deep learning has
been proved in the literature. As mentioned in Section 3.2, we
have implemented three different neural network architec-
tures, to explore their strengths and weaknesses. We have
started from the shallow neural network to the deep NN
(deep fully connected NN), to LSTM to the 1D-CNN.

We have trained our models up to 200 epochs and plotted
the results to check the training status, that is, to find whether
the model is underfitted, overfitted, or properly trained.

The obtained training vs. validation accuracies of each
model are shown in Figure 5. Given the results in Figure 5
our shallow NN (DNN;) and 1D-CNN require more epochs
for training, while the remaining deep architectures require
less epochs to reach the point where the model starts
overfitting. The sign of overfitting is that when the training
accuracy improves, while the validation accuracy starts to
decline or remains the same. The possible reason behind this
behavior is that the deep architecture normally extracts
complex but well representative features.

A classwise ROC is shown in Figure 6. The highest ROC,
i.e,, 1.0 is achieved by all networks for the COAD/READ
class, while the average maximum ROC is 0.99 achieved by
NN; (deep fully connected neural network with 3 layers) and
DNN; (NN with 5 layers) as shown in Table 1.
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FiGure 1: The architecture of the fully connected model with three hidden layers.
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activation = ReLU

FiGuUre 2: 1D convolution-based architecture.

In order to test the performance of our networks for each
class (cancer type), we have presented the computed results
in Table 3. According to the obtained results, the GBM class
is the most complex (difficult) one for our networks, while
COAD is the easiest one. The same results can be verified
from the confusion matrices given in Tables 4-5.

The average performance measures (in terms of accu-
racy, precision, recall, and ROC) of all networks are shown
in the first four rows of Table 1. The obtained results show

that our DNN architecture has outperformed the rest of our
models.

We have compared our computed results with the state-
of-the-art models. As mentioned in Table 1, our all networks
have outperformed all of our competitors in most of the
performance metrics. We have reported only the best results
of Sana et al. [38]. Their maximum accuracy is 85% with an
ROC area of 0.96, whereas our proposed models achieved
the accuracy over 92% with an ROC of 0.99.
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FIGURE 4: Our methodology.
Since Zhang et al. [37] have worked similarly, but their In the light of the analysis made on the obtained
research deals with some different types of cancers, e.g.,  results, we conclude that due to the small size of the
UCEC (uterine corpus endometrial carcinoma); therefore, current dataset, very deep neural networks are not

the comparison is not compatible, but they have achieved  beneficial to use as most of our models are converged with
75.1% accuracy. the small number of hidden layers. Moreover, the fully
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Ficure 5: Classification of accuracy of different models:

connected neural network performed better than other
flavors such as CNN and RNN for copy number variation
(CNV) data (see Table 1). We also found that adding
additional layers to a fully connected neural network
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(a) DNN3, (b) DNN5. (c) LSTM, and (d) 1D-CNN.

(DNN) has a small impact on results. Our obtained re-
sults also verify that end-to-end deep learning models are
better in representation learning than handcrafted fea-
ture extraction (see Table 1)
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FiGure 6: ROC of different models on various cancer types: (a) DNNs (b) LSTM, and (c) 1D-CNN.
TaBLE 3: The classwise performances of all networks.
Models GBM (3) KIRC(4) HNSC(5) COAD/READ(2) BLCA(1) BRCA(0)
NN
TP rate 0.68 0.96 0.82 0.98 0.83 0.93
ROC area 0.97 0.99 0.97 1.00 0.98 0.99
Precision 0.77 0.90 0.92 0.93 0.81 0.97
F-measure 0.72 0.93 0.87 0.96 0.82 0.95
Recall 0.68 0.96 0.82 0.98 0.83 0.93
FP rate 0.00 0.01 0.04 0.01 0.02 0.00

DNN
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TasLE 3: Continued.
Models GBM (3) KIRC(4) HNSC(5) COAD/READ(2) BLCA(1) BRCA(0)
TP rate 0.72 0.96 0.85 0.98 0.85 0.94
ROC area 0.97 0.98 0.99 1.00 0.98 0.99
Precision 0.75 0.93 0.94 0.94 0.85 0.93
F-measure 0.73 0.94 0.89 0.96 0.85 0.94
Recall 0.72 0.96 0.85 0.98 0.85 0.94
FP rate 0.01 0.02 0.01 0.01 0.01 0.01
LSTM
TP rate 0.52 0.95 0.85 0.98 0.88 0.92
ROC area 0.96 0.99 0.98 1.00 0.97 1.00
Precision 0.87 0.91 0.93 0.92 0.79 0.95
F-measure 0.65 0.93 0.88 0.95 0.83 0.94
Recall 0.68 0.94 0.84 0.96 0.79 0.91
FP rate 0.52 0.95 0.85 0.98 0.88 0.92
1D-CNN
TP rate 0.64 0.93 0.92 0.96 0.77 0.91
ROC area 0.97 0.99 0.97 1.00 0.97 0.99
Precision 0.84 0.93 0.81 0.93 0.86 0.94
F-measure 0.73 0.93 0.86 0.94 0.82 0.92
Recall 0.64 0.93 0.92 0.96 0.77 0.91
FP rate 0.00 0.02 0.04 0.01 0.01 0.01
TaBLE 4: Confusion matrix for training data.

BRCA(0) BLCA(1) COAD/READ(2) GBM (3) KIRC(4) HNSC(5)
BRCA(0) 109 0 1 0 0 0
BLCA(1) 0 673 6 0 0 0
COAD/READ(2) 0 1 470 0 0 0
GBM (3) 0 0 2 446 0 0
KIRC(4) 0 0 7 0 233 0
HNSC(5) 0 0 3 0 0 381

TaBLE 5: The confusion matrix for testing data.

BRCA(0) BLCA(1) COAD/READ(2) GBM (3) KIRC(4) HNSC(5)
BRCA(0) 15 1 2 2 3 2
BLCA(1) 0 158 3 3 2 2
COAD/READ(2) 0 3 94 1 4 2
GBM (3) 0 0 1 113 1 0
KIRC(4) 1 5 1 0 55 4
HNSC(5) 1 0 3 1 1 100
5. Conclusion and Future Directions Data Availability

Copy number variations are related to different human
diseases, such as cancer, autism, and schizophrenia. In
this paper, we classified six different types of cancers by
using copy number variation data. We have proposed
three different neural network architectures to make the
classification process end-to-end. Moreover, we have
effectively used the data-hungry nature of the deep neural
network and we have not used the feature engineering
(handcrafted feature extraction) step as used by most of
the researchers to save computational time. Our achieved
testing accuracies are 91%, 92%, 90%, and 91% by using
CNV levels of 24,174 genes. Our work testifies that the
CNVs of these genes play a crucial role in classifying
human cancers. In the future, we aim to work on the other
types of cancer as well.

The data are publicly available at this link: http://cbio.mskcc.
org/cancergenomics/pancan_tcga.

Conflicts of Interest

The authors declare that they have no conflicts of interest.

Acknowledgments

This work was supported by EIAS (Emerging Intelligent
Autonomous Systems) Data Science Lab, Prince Sultan
University, KSA. The authors would like to thank the EIAS
Data Science Lab and Prince Sultan University for their
encouragement, support, and the facilitation of resources
needed and funding to complete this work.


http://cbio.mskcc.org/cancergenomics/pancan_tcga
http://cbio.mskcc.org/cancergenomics/pancan_tcga

10

References

[1] A.Thapar and M. Cooper, “Copy number variation: what is it
and what has it told us about child psychiatric disorders?”
Journal of the American Academy of Child & Adolescent
Psychiatry, vol. 52, no. 8, pp. 772-774, 2013.

[2] N. M. Williams, I. Zaharieva, A. Martin et al., “Rare chro-
mosomal deletions and duplications in attention-deficit hy-
peractivity disorder: a genome-wide analysis,” The Lancet,
vol. 376, no. 9750, pp. 1401-1408, 2010.

[3] T. Y. Leung, R. K. Pooh, C. C. Wang, T. K. Lau, and
K. W. Choy, “Classification of pathogenic or benign status of
CNVS detected by microarray analysis,” Expert Review of
Molecular Diagnostics, vol. 10, no. 6, pp. 717-721, 2010.

[4] Z. Zhang, H. Cheng, X. Hong et al., “Ensemblecnv: an en-

semble machine learning algorithm to identify and genotype

copy number variation using snp array data,” Nucleic Acids

Research, vol. 47, no. 7, p. €39, 2019.

J. Zhang, L. Feuk, G. Duggan, R. Khaja, and S. Scherer,

“Development of bioinformatics resources for display and

analysis of copy number and other structural variants in the

human genome,” Cytogenetic and Genome Research, vol. 115,

no. 3-4, pp. 205-214, 2006.

I. Ostrovnaya, G. Nanjangud, and A. B. Olshen, “A classifi-

cation model for distinguishing copy number variants from

cancer-related alterations,” BMC Bioinformatics, vol. 11, no. 1,

p. 297, 2010.

[7] P. Stankiewicz and J. R. Lupski, “Structural variation in the
human genome and its role in disease,” Annual Review of
Medicine, vol. 61, no. 1, pp. 437-455, 2010.

[8] C. Chiang, A. J. Scott, J. R. Davis et al., “The impact of
structural variation on human gene expression,” Nature
Genetics, vol. 49, no. 5, pp. 692-699, 2017.

[9] G. A. Erikson, N. Deshpande, B. G. Kesavan, and
A. Torkamani, “Sg-adviser cnv: copy-number variant anno-
tation and interpretation,” Genetics in Medicine, vol. 17, no. 9,
pp. 714-718, 2015.

[10] O. P&s, J. Radvanszky, G. Bugly6 et al., “Dna copy number
variation: main characteristics, evolutionary significance, and
pathological aspects,” Biomedical Journal, vol. 44, no. 5,
pp. 548-559, 2021.

[11] E. Sarkar, E. Chielle, G. Gursoy, L. Chen, M. Gerstein, and
M. Maniatakos, “Scalable privacy-preserving cancer type
prediction with homomorphic encryption,” 2022, http://
arXiv.org/abs/2204.05496.

[12] Y. Sun, S. Zhu, K. Ma et al., “Identification of 12 cancer types
through genome deep learning,” Scientific Reports, vol. 9,
no. 1, Article ID 17256, 2019.

[13] Y. Yuan, Y. Shi, X. Su et al., “Cancer type prediction based on
copy number aberration and chromatin 3d structure with
convolutional neural networks,” BMC Genomics, vol. 19,
no. S6, p. 565, 2018.

[14] C. A. Brownstein, R. S. Smith, L. H. Rodan et al., “Rcll copy
number variants are associated with a range of neuropsy-
chiatric phenotypes,” Molecular Psychiatry, vol. 26, no. 5,
pp. 1706-1718, 2021.

[15] A. Mahas, K. Potluri, M. N. Kent, S. Naik, and M. Markey,
“Copy number variation in archival melanoma biopsies versus
benign melanocytic lesions,” Cancer Biomarkers, vol. 16, no. 4,
pp. 575-597, 2016.

[16] C.F.Ebbelaar, A. M. R. Schrader, M. van Dijk et al., “Towards
diagnostic criteria for malignant deep penetrating melano-
cytic tumors using single nucleotide polymorphism array and

[5

—
2

Computational Intelligence and Neuroscience

next-generation sequencing,” Modern Pathology, vol. 2021,
pp. 1-11, 2022.

[17] L. Yang, Y. Z. Wang, H. H. Zhu et al., “Prame gene copy
number variation is related to its expression in multiple
myeloma,” DNA and Cell Biology, vol. 36, no. 12,
pp. 1099-1107, 2017.

[18] Y.S.Huang, W. B. Liu, F. Han et al., “Copy number variations
and expression of mpdz are prognostic biomarkers for clear
cell renal cell carcinoma,” Oncotarget, vol. 8, no. 45,
pp. 78713-78725, 2017.

[19] C. Zhou, W. Zhang, W. Chen et al,, “Integrated analysis of
copy number variations and gene expression profiling in
hepatocellular carcinoma,” Scientific Reports, vol. 7, no. 1,
Article ID 10570, 2017.

[20] J. Samulin, Y. J. Arnoldussen, Y Erdem et al., “Copy number
variation, increased gene expression, and molecular mecha-
nisms of neurofascin in lung cancer,” Molecular Carcino-
genesis, vol. 56, no. 9, pp. 2076-2085, 2017.

[21] X. Ding, S. Y. Tsang, S. K. Ng, and H. Xue, “Application of
machine learning to development of copy number variation-
based prediction of cancer risk,” Genomics Insights, vol. 7,
pp. GELS15002-11, 2014.

[22] R. Miotto, F. Wang, S. Wang, X. Jiang, and J. T. Dudley, “Deep
learning for healthcare: review, opportunities and challenges,”
Briefings in Bioinformatics, vol. 19, no. 6, pp. 1236-1246, 2018.

[23] B.Jan, H. Farman, M. Khan et al., “Deep learning in big data
analytics: a comparative study,” Computers ¢ Electrical En-
gineering, vol. 75, pp. 275-287, 2019.

[24] M. Khan, B. Jan, and H. Farman, Deep Learning: Convergence
to Big Data Analytics, Springer, Berlin, Germany, 2019.

[25] C. Angermueller, T. Pirnamaa, L. Parts, and O. Stegle, “Deep
learning for computational biology,” Molecular Systems Bi-
ology, vol. 12, no. 7, p. 878, 2016.

[26] Y. Hu, L. Zhao, Z. Li, X. Dong, T. Xu, and Y. Zhao, “Clas-
sifying the multi-omics data of gastric cancer using a deep
feature selection method,” Expert Systems with Applications,
vol. 200, Article ID 116813, 2022.

[27] D.Khan and S. Shedole, “Leveraging deep learning techniques
and integrated omics data for tailored treatment of breast
cancer,” Journal of Personalized Medicine, vol. 12, no. 5, p. 674,
2022.

[28] J.-F. Xu, Q. Kang, X.-Y. Ma et al.,, “A novel method to detect
early colorectal cancer based on chromosome copy number
variation in plasma,” Cellular Physiology and Biochemistry,
vol. 45, no. 4, pp. 1444-1454, 2018.

[29] C. Toh and J. P. Brody, “Analysis of copy number variation
from germline dna can predict individual cancer risk,” bio-
Rxiv, Article ID 303339, 2018.

[30] M. Ricatto, M. Barsacchi, and A. Bechini, “Interpretable cnv-
based tumour classification using fuzzy rule based classifiers,”
in Proceedings of the 33rd Annual ACM Symposium on Ap-
plied Computing, pp. 54-59, NY, USA, April 2018.

[31] A.Szymiczek, A. Lone, and M. R. Akbari, “Molecular intrinsic
versus clinical subtyping in breast cancer: a comprehensive
review,” Clinical Genetics, vol. 99, no. 5, pp. 613-637, 2021.

[32] X. Pan, X. Hu, Y.-H. Zhang et al., “Identification of the copy
number variant biomarkers for breast cancer subtypes,”
Molecular Genetics and Genomics, vol. 294, no. 1, pp. 95-110,
2019.

[33] M. M. Islam, R. Ajwad, C. Chi, M. Domaratzki, Y. Wang, and
P. Hu, “Somatic copy number alteration-based prediction of
molecular subtypes of breast cancer using deep learning
model,” Canadian Conference on Artificial Intelligence,
vol. 10233, pp. 57-63, 2017.


http://arXiv.org/abs/2204.05496
http://arXiv.org/abs/2204.05496

Computational Intelligence and Neuroscience

[34] X. Lu, X. Li, P. Liu, X. Qian, Q. Miao, and S. Peng, “The
integrative method based on the module-network for iden-
tifying driver genes in cancer subtypes,” Molecules, vol. 23,
no. 2, p. 183, 2018.

[35] X.-C. Li, C. Liu, T. Huang, and Y. Zhong, “The occurrence of
genetic alterations during the progression of breast carci-
noma,” BioMed Research International, vol. 2016, Article ID
5237827, 5 pages, 2016.

[36] A. AlShibli and H. Mathkour, “A shallow convolutional
learning network for classification of cancers based on copy
number variations,” Sensors, vol. 19, no. 19, p. 4207, 2019.

[37] N. Zhang, M. Wang, P. Zhang, and T. Huang, “Classification
of cancers based on copy number variation landscapes,”
Biochimica et Biophysica Acta (BBA) - General Subjects,
vol. 1860, no. 11, pp. 2750-2755, 2016.

[38] S. F. A. Elsadek, M. A. A. Makhlouf, and M. A. Aldeen,
“Supervised classification of cancers based on copy number
variation,” Advances in Intelligent Systems and Computing,
vol. 845, pp. 198-207, 2018.

[39] J. Li, Q. Xu, M. Wu, T. Huang, and Y. Wang, “Pan-cancer
classification based on self-normalizing neural networks and
feature selection,” Frontiers in Bioengineering and Biotech-
nology, vol. 8, p. 766, 2020.

[40] A.El-Nabawy and N. A. Belal, “A feature-fusion framework of
clinical, genomics, and histopathological data for metabric
breast cancer subtype classification,” Applied Soft Computing,
vol. 91, Article ID 106238, 2020.

[41] Y. Lin, W. Zhang, H. Cao, G. Li, and W. Du, “Classifying
breast cancer subtypes using deep neural networks based on
multi-omics data,” Genes, vol. 11, no. 8, p. 888, 2020.

[42] T.Liu,]. Huang, T. Liao, R. Pu, S. Liu, and Y. Peng, “A hybrid
deep learning model for predicting molecular subtypes of
human breast cancer using multimodal data,” IRBM, vol. 43,
no. 1, pp. 62-74, 2022.

[43] S. Dwivedi, T. Goel, M. Tanveer, R. Murugan, and R. Sharma,
“Multi-modal fusion based deep learning network for effective
diagnosis of Alzheimer’s disease,” IEEE MultiMedia, p. 1,
2022.

[44] X. Pan, B. Burgman, N. Sahni, and S. Yi, “Deep learning based
on multi-omics integration identifies potential therapeutic
targets in breast cancer,” bioRxiv, pp. 2-23, 2022.

[45] F. Carrillo-Perez, J. C. Morales, D. Castillo-Secilla, A. Guillen,
I. Rojas, and L. J. Herrera, “Comparison of fusion method-
ologies using CNV and RNA-seq for cancer classification: a
case study on non-small-cell lung cancer,” Bioengineering and
Biomedical Signal and Image Processing, vol. 12940,
pp. 339-349, 2021.

[46] M. O. Okwu and L. K. Tartibu, “Artificial neural network,”
Metaheuristic Optimization: Nature-Inspired —Algorithms
Swarm and Computational Intelligence, Theory and Applica-
tions, vol. 927, pp. 133-145, 2021.

[47] S. Ioffe and C. Szegedy, “Batch Normalization: Accelerating
Deep Network Training by Reducing Internal Covariate
Shift,” pp. 448-456, 2015, https://arxiv.org/abs/1502.03167.

[48] I. Goodfellow, Y. Bengio, and A. Courville, “Deep Learning,”
MIT Press, 2016, http://www.deeplearningbook.org.

[49] Z. Hu, J. Zhang, and Y. Ge, “Handling vanishing gradient
problem using artificial derivative,” IEEE Access, vol. 9,
pp. 22371-22377, 2021.

[50] N. Srivastava, G. Hinton, A. Krizhevsky, I. Sutskever, and
R. Salakhutdinov, “Dropout: a simple way to prevent neural
networks from overfitting,” Journal of Machine Learning
Research, vol. 15, no. 1, pp. 1929-1958, 2014.

11

[51] F. Li, M. Liu, Y. Zhao et al., “Feature extraction and classi-
fication of heart sound using 1d convolutional neural net-
works,” EURASIP Journal on Applied Signal Processing,
vol. 59, no. 1, pp. 59-11, 2019.

[52] H. Yang, C. Meng, and C. Wang, “Data-driven feature ex-
traction for analog circuit fault diagnosis using 1-d con-
volutional neural network,” IEEE Access, vol. 8,
pp. 18305-18315, 2020.

[53] J. Zhao, F. Huang, J. Lv et al., “Do RNN and LSTM have long
memory?” pp. 11365-11375, 2020, https://arxiv.org/pdf/2006.
03860.pdf.


https://arxiv.org/abs/1502.03167
http://www.deeplearningbook.org
https://arxiv.org/pdf/2006.03860.pdf
https://arxiv.org/pdf/2006.03860.pdf

