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Abstract
An accurate diagnosis and prognosis for cancer are specific to patients with particular cancer types and molecular traits,

which needs to address carefully. The discovery of important biomarkers is becoming an important step toward under-

standing the molecular mechanisms of carcinogenesis in which genomics data and clinical outcomes need to be analyzed

before making any clinical decision. Copy number variations (CNVs) are found to be associated with the risk of individual

cancers and hence can be used to reveal genetic predispositions before cancer develops. In this paper, we collect the CNVs

data about 8000 cancer patients covering 14 different cancer types from The Cancer Genome Atlas. Then, two different

sparse representations of CNVs based on 578 oncogenes and 20,308 protein-coding genes, including genomic deletions and

duplication across the samples, are prepared. Then, we train Conv-LSTM and convolutional autoencoder (CAE) networks

using both representations and create snapshot models. While the Conv-LSTM can capture locally and globally important

features, CAE can utilize unsupervised pretraining to initialize the weights in the subsequent convolutional layers against

the sparsity. Model averaging ensemble (MAE) is then applied to combine the snapshot models in order to make a single

prediction. Finally, we identify most significant CNVs biomarkers using guided-gradient class activation map plus

(GradCAM??) and rank top genes for different cancer types. Results covering several experiments show fairly high

prediction accuracies for the majority of cancer types. In particular, using protein-coding genes, Conv-LSTM and CAE

networks can predict cancer types correctly at least 72.96% and 76.77% of the cases, respectively. Contrarily, using

oncogenes gives moderately higher accuracies of 74.25% and 78.32%, whereas the snapshot model based on MAE shows

overall 2.5% of accuracy improvement.

Keywords Cancer prediction � Copy number variation � Conv-LSTM network � Convolutional autoencoder �
Interpretability � Snapshot ensemble

1 Introduction

Cancer results from highly expressed genes due to muta-

tions or alterations in gene regulations that control cell

division and cell growth. In such cases, a set of genes

called oncogene contribute to conversion of normal cells

into a cancerous cells. The change in the structure of

occurring genetic aberrations, such as somatic mutations,

copy numbers (CNs), profiles, and different epigenetic

alterations, is unique for each type of cancer [8, 45]. As a

result, gene expression (GE) can be disrupted by cell

division, environmental effects, or genetically inherited

from parents. Changes in GE sometimes change the pro-

duction of different proteins, affecting normal cell behav-

ior. The damaged cells start reproducing more rapidly than

usual and gradually increase in the affected area by form-

ing a tumor. Intermittently, such tumors turn into a type of

cancer [42, 54]. This is one of the reasons cancer cases are

gradually increasing every year and have become the sec-

ond leading cause of death worldwide.

Consequently, more than 200 types of cancers have been

identified, in which each type can be characterized with

different molecular profiles requiring unique therapeutic
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strategies [45]. According to a statistic from the National

Cancer Institute, there were around 14.1 million cancer

cases in 2012 in which as many as 8.8 million people died

of five leading cancers of lung, liver, colorectal, stomach,

and breast [3]. In 2018, an estimated 17.35 million new

cases of cancer have been diagnosed in the USA in which

609,640 people died. The number of new cancer cases per

year is expected to rise to 23.6 million by 2030, which is

anticipated to increase further to 70% by 2035 [46].

With the high-throughput next-generation sequencing

technologies, cancer-specific genetic profiling is now pos-

sible. The entire genome sequencing data can be used to

identify similar genetic mutations and genetic variations

associated with different tumors. In particular, copy num-

ber variations (CNVs) signify gene or genomic regions that

appear in different numbers of copies in different individ-

uals or even in different cells of the same individual, where

CN can vary from one person to another by several thou-

sand. About 5–12% of the human genome, including

thousands of genes, may be variable in CN, and this vari-

ation can be new deletions or duplications of the genome or

inherited from the parents by healthy individuals [39],

ranging in size from 100 bp to 3 Mb [52].

Although the significance is not fully understood, it is

likely that CNVs are responsible for a considerable pro-

portion of phenotypic variation [39]. Such variations may

lead to changes in gene dosage and expression [12].

Approximately 179,450 human CNVs were reported in the

Database of Genomic Variants (DGV) [20, 52]. Although

there are substantially fewer reported CNVs than SNPs, it

is estimated that more than 30% of the human genome is

covered by at least one CNV compared to the \1% cov-

ered by SNPs. Due to the CN changes in DNA segments,

GE is changed by disrupting coding sequences, perturbing

long-range gene regulations, or altering gene dosages [50].

CNVs result in variations in GE and abnormalities in the

human phenotypes [7]. Thus, CNVs are hypothesized to be

of functional significance. These changes in GE are

responsible for different phenotypic variations or dis-

eases (e.g., disabilities, diabetes, schizophrenia, cancer,

and obesity) or envisaged to be associated with other dis-

eases, e.g., autism spectrum disorder [4, 34, 37].

CNVs are also associated with other complex disease

susceptibility, which becomes more obvious while ana-

lyzing different tumor types, which became more obvious

as CNVs are associated with the risk of individual cancer

[27, 33, 48] (e.g., risk of pancreatic cancer [19]). For

example, CNVs that play a role in genetic predisposition to

pancreatic adenocarcinoma [48] are associated with breast

cancer risk and prognosis [27] and are responsible for the

spatial pattern change in colorectal cancer [33]. The pres-

ence of CNVs in cancer patients’ cells is abundantly high,

which is very different than healthy cells. Consequently,

many clinically important CNVs are outcomes of dupli-

cation or deletion of a genomic region with 1 kb (or

shorter) length. Therefore, an accurate identification of

cancer based on CNVs can help to reveal the genetic pre-

disposition for cancer before cancer actually occurs, so that

vigilant prevention and rigorous monitoring may be prac-

ticed by those who are highly predisposed.

Previously, CNVs were used to identify minimum

redundancy maximum relevance feature selec-

tion (mRMR) and incremental feature selection (IFS)

methods [53] such that only one sample could be covered

at a time or using microarray-based comparative genomic

hybridization (aCGH) methods. Then, the extracted CNVs

data were used to train machine learning (ML) models for

cancer identification and type prediction. These approa-

ches, however, are not capable of simultaneous analysis of

multiple samples and recurrent CNVs [32]. In particular,

using deep learning (DL) models based on deep neural

network (DNN) architectures, such as autoencoders (AEs),

more complex and higher-level features can be embedded

from the input data and contextual information can be

captured [1, 24]. Eventually, learning nonlinear mappings

allows transforming and mapped input data space into a

lower-dimensional feature space [21]. To emphasize DL-

based cancer diagnoses, first we use the MSeq-CNV [32]

tool to extract the recurrent CNVs. Since MSeq-CNV uses

mixture density for modeling aberrations in depth of cov-

erage and abnormalities in the mate pair insertion sizes,

common CNVs across multiple samples can be detected

easily.

Since CNVs data are very high dimensional and

dynamic, we hypothesize that a neural ensemble method

can be effective at analyzing such high-dimensional data

through the hierarchical learning process. We train and

evaluate Conv-LSTM and convolutional autoencoder

(CAE) networks separately, which follow the model aver-

aging ensemble of the classifiers to combine the predictive

power of multiple model snapshots from these networks.

Further, we provide interpretations (using guided-gradient

class activation map (GradCAM??) [6]) about the pre-

diction made by the neural network in order to make the

cancer diagnosis more effective and transparent. The con-

tributions of this paper can be summarized as follows:

– We employed MSeq-CNV tool to extract CNV features

based on protein-coding genes and oncogenes in order

to prepare two rich-labeled training datasets.

– We trained Conv-LSTM and CAE networks to capture

both locally and globally important features, where

unsupervised pretraining is performed to handle the

data sparsity.

– We aggregated the snapshot models from both archi-

tectures using MEA to make single predictions.
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– We developed a novel approach to generate heat

maps (HM) for all the classes sharing prominent pixels

across CNV samples and computed the feature impor-

tance in terms of mean absolute impact (MAI).

– We identified important and common biomarkers

across cancer types and provided interpretations of

the predictions made by the models.

– We provided in details the analyses of the outcomes

and comparisons with the state-of-the-art approaches.

The rest of the paper is structured as follows: Sect. 2 dis-

cusses related works and their potential limitations. Sec-

tion 3 chronicles the details of data collection and feature

engineering process before the network construction and

training. Section 4 demonstrates the experimental results

and discusses key findings of the study. Finally, explana-

tions of the importance and relevance of the study are

reported by highlighting the limitations and discuss some

future works before concluding the paper in Sect. 5.

2 Related works

For analyzing genomics data and decision making for

cancer treatment, different ML and DL algorithms were

trained using mixed data types: genomic data, bioimaging

data, and clinical outcomes, as shown in Table 1. These

approaches are not only proven to be useful at improving

cancer prognosis, diagnosis, and treatments, but also

revealed the subtypes information about different cancer

types [19]. For example, RNA-seq data are used more

widely [9, 31, 36] to identify rare and common transcripts,

isoforms, and noncoding RNAs in cancer. Other forms of

genomic data like single-nucleotide polymor-

phism (SNP) (i.e., identifies segmental variations across

multiple cancer genomes) and array-based DNA methyla-

tion sequencing (i.e., identifies epigenetic changes in the

genome) are useful for early genetic changes in cancer,

e.g., early-stage and metabolomic detection of ovarian

cancer is now possible [14, 45].

Unlike conventional cancer typing methods that work

based on morphological appearance analysis, GE levels of

the tumor are used to differentiate tumors that have similar

histopathological appearances giving more accurate tumor

typing results for certain cancer types, e.g., colorectal

cancer diagnosis [41]. Further, different types of somatic

mutations data such as point mutation, single-nucleotide

variation (SNV), small insertion and deletion (INDEL),

copy number aberration (CNA), translocation, and CNVs

are used. Literature [51] has observed that somatic muta-

tion data are not only associated with complex diseases but

also contribute to the growth of different types of cancers.

In particular, literature [5] studied CN changes by com-

paring healthy and cancer-affected patients, which showed

that amplification and deletion of certain genes are more

common in certain cancer patients than in healthy people.

CNVs analysis based on different statistical methods is

also used to identify significant CN associated with dif-

ferent types of cancers. For example, Fisher’s exact (FE)

test is applied on patient and control groups to identify CN

for hereditary breast and ovarian cancer [28]. Although FE

is mainly used for CNV analysis [17], ML-based approa-

ches are trending to improve the accuracy of cancer sus-

ceptibility, recurrence, and survival prediction [26].

The main challenges are, however, accurate extraction

of CNVs and dealing with dimensionality. ML algorithms

such as Bayesian networks, SVM, and decision trees are

applied effectively to extract the most significant CNVs

features for high-dimensional data. In comparison with

ML-based approaches, recent DL techniques have shown

more accurate and promising results for cancer identifica-

tion in some studies. In particular, CNN is widely applied

[8] on whole slide images in order to detect cancer regions

Table 1 Different cancer detection methods, data types, and performance

Reference Approach Cancer types #Sample Data type Accuracy (%)

Mostavi et al. [36] CNN 33 primary cancer types 10,340 RNA-seq 94

Karim et al. [22] DBN/LSTM 14 primary cancer types 15,699 TCGA CNVs 73

Yuan et al. [51] CNN 25 primary cancer types 14,703 CNA and 3D chromatin 90

Lyu et al. [31] CNN and GradCAM 33 primary cancer types 10,267 RNA-seq 95.59

Sanaa et al. [13] LR 6 primary types 3480 CNVs 85

Cruz et al. [8] CNN Breast cancer 605 Slide image 96

Danee et al. [9] MLP Breast cancer 1210 RNA-seq 94

Ning et al. [53] Dagging 6 primary types 3480 CNVs 75

Rajana et al. [43] Deep NN Prostate cancer 807 Histology 95

Chen et al. [7] Shallow NN Colon cancer 590 Gene expression 84
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with a very high degree of precision, which is mainly

because CNN can extract deep features from different

cohorts simultaneously. Literature [9] used a stacked

denoising autoencoder to extract features from the RNA-

seq data, which are then feed into SVM and shallow ANN

to classify malignant or benign tumor of breasts [7].

DeepCNA is another approach proposed for cancer-type

prediction based on CNVs and chromatin 3D structure with

CNN [51].

Apart from these works, restricted approaches have been

proposed based on CNVs for cancer risk and type predic-

tions [11, 13, 53], and literature [11] used recurrent CNVs

from non-tumor blood cell DNAs of non-cancer subjects

about hepatocellular carcinoma, gastric cancer, and col-

orectal cancer patients. They were found to reveal the

differences between cancer patients and controls with

respect to CN losses and CN gains. Although their study

can make predictions on the cancer predisposition of an

unseen test group of mixed DNAs with high confidence, it

is limited to only Caucasian and Korean cohorts.

Ning et al. [53] used CNVs at a level of 23,082 genes

for 2916 instances from cBioPortal for Cancer Genomics to

classify six different types of cancers, such as breasts,

bladder urothelial, colon, glioblastoma, kidney, and head

and neck squamous cell. They construct a dagging-based

classifier in which the feature space was reduced to CNVs

of 19 genes using mRMR and IFS methods. They managed

to achieve an accuracy of 75%. Their study indicates that

only a few genes may play important roles in differenti-

ating cancer types. Then, Sanaa et al. [13] used the same

dataset and extended it by training seven ML classifiers in

which random forest algorithm shows 86% accuracy.

In a previous approach [22], we considered segmenta-

tion as an important feature because it represents number of

CNVs at a DNA location, and the higher the segmentation

mean, the higher the CN would be in that region. Then, we

calculated the length of a CN and its value based on the

difference between the start and end positions of a CNV to

extract CNV features. We represented CN loss with neg-

ative segmentation means and amplifications of CN with

positive segmentation means. CN with segmentation values

between a certain range was considered as noise and dis-

carded from rest of the calculation. However, a manual

approach for CNV extraction like this often fails to extract

non-trivial, high-quality recurrent CNV features in the case

of simultaneous analysis of multiple samples [32]. Conse-

quently, MSeq-CNV is used in our study for more efficient

extraction of CNVs.

3 Materials and methods

In this section, we discuss the data collection, preprocess-

ing, and feature engineering in detail, followed by the

preparation of training, validation, and test sets to train the

neural networks.

3.1 Data collection

We used the CNVs data from TCGA in our study in which

both CN and gene coordinates of different cancer types are

considered. These data are hybridized by genome

sequencing Affymetrix SNP 6.0 technology, which allows

us to examine the largest number of cases along with the

highest probe density [40]. Two different types of samples,

such as tumor tissue and healthy tissue, are collected from

each cancer patient, which are curated from the blood, bone

marrow, buccal cell, EBV-immortalized, and solid tissues.

For consistency across samples, all data were downloaded

from the same platform but with different project ID and

gender. However, blood-derived healthy samples of only

14 cancer types were downloaded having at least 400

samples, as shown in Table 2.

We consider gender an important feature for cancer sub-

typing, since tumors like BRCA and OV are not common

in males, whereas PRAD is only common in males. TCGA

do not specify if a sample is curated from healthy tissue or

tumor tissue, so we downloaded CNV files in separate

groups, where each cancer sample is grouped as primary

and blood-derived samples during filtering before grouping

into male and female. Gene locations in combination with

the CN data from all patients were used, where the gene

coordinates were collected from cytobands using the

ensemble library of biomaRt package1. Additionally,

oncogenes information was downloaded from the TCGA

portal.

3.2 Data preprocessing

Some initial reprocessing was required to remove noise and

empty string values from both CNV and gene data. For

each cancer type, samples were downloaded into four

different groups: healthy samples from male, healthy

samples from female, tumor samples from male, and tumor

samples from female. Then, we preprocessed CNV data for

15,699 separate samples. Then, all the cancer samples and

healthy tissue samples were combined. We found that the

distribution of CNs across tumor samples is very different,

e.g., BRCA has almost double the samples of most other

tumors.

1 https://www.ensembl.org/biomart.
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STAD and BLCA have fewer samples compared to

other tumor samples except for those having samples

between 500 and 600. On the other hand, more than 400

THCA samples have 50–100 CNVs per sample and around

50 OV tumor samples have less than 200 CNVs per sam-

ple. Although most tumor samples have CNs between 50

and 400, there are a few samples having more than 1500,

giving on average 226.80 CNs per sample. On average,

106.92 CNs exist per healthy sample, which is less than

half of tumor samples. Usually, healthy human cells have

very different CNs in terms of location, length, and number

and vary in humans. This makes the CNVs of the human

genome an utterly complex and dynamic structure.

For a cancer-affected patient, this structure becomes

even more complex and dynamic as the tumor grows. We

solve this dynamic dimension problem by using gene

locations of the human genome since DL models expect

fixed dimension inputs only. Using MSeq-CNV, we

selected a fixed number of genes and extracted the CN that

overlapped with the gene locations, removing them from

the protein noncoding gene because arguably more than

80% of human genes do not encode any protein, i.e., CNs

from these regions have little-to-no effect on the tumor

growth. Then inspired by literature [2], we set four

thresholds, which divide the CNV spectrum into five

regions:

– �2 signifies the deletion of both copies,

– �1 signifies the deletion of one copy,

– 0 has exactly two copies, i.e., no CN gain/loss,

– 1: denotes a low-level CN gain,

– 2 denotes a high-level CN gain.

Then, we prepared two different training (i.e., representa-

tions) sets based on oncogenes and protein-coding genes

used to train the Conv-LSTM and CAE networks.

3.3 Feature extraction based on protein-coding
genes

We used CNVs about 20,308 protein-coding genes. Since

not all of these genes are responsible for tumor growth,

weak features from irrelevant genes make the data unnec-

essarily complex, which might make the neural networks to

fail to converge the training, resulting in poor performance.

Although using protein-coding genes makes the dimension

fixed, 95% of the features will be empty across the sam-

ples, e.g., a sample with 500 CNVs has 19,808 empty

features making empty features for 19,808 cases. Using

gene locations introduced two additional complexities:

curse of dimensionality and sparsity.

To solve these problems, we performed CNV analysis in

combination with 568 oncogenes responsible for the

majority of cancer types. While oncogenes are found to be

related to tumor growth, researchers have not confirmed

which other genes are also responsible for its growth. In

such a setting, consecutive genes with nonzero values

represent CN length, and negative or positive segmentation

values represent loss and gain, respectively. We hypothe-

size that Conv-LSTM and CAE networks will be able to

identify those hidden nonlinear features.

3.4 Feature extraction based on oncogenes

There are structural variations in DNA where protein-

coding genes are not present, and these genes have no

effect on tumor growth. One way to remove such unnec-

essary segments is by keeping only those CNs that fall

within gene regions and discarding the rest using oncoge-

nes, because oncogenes not only control the cell division

but also are responsible for GE changes due to external or

natural causes and could lead to the development of tumor

Table 2 Number of CNV

samples across 14 different

tumor types used in this study

Cohort #Tumor sample #Healthy sample Carcinoma type

COAD 502 468 Colon adenocarcinoma

GBM 609 527 Glioblastoma multiforme

KIRC 586 530 Kidney renal clear cell carcinoma

LGG 514 487 Brain lower-grade glioma

LUAD 554 591 Lung adenocarcinoma

LUSC 524 535 Lung squamous cell carcinoma

OV 572 546 Ovarian serous cystadenocarcinoma

UCEC 548 545 Uterine corpus endometrial carcinoma

BRCA 1103 1103 Breast invasive carcinoma

HNSC 519 562 Head and neck squamous cell carcinoma

THCA 505 513 Thyroid carcinoma

PRAD 501 536 Prostate adenocarcinoma

STAD 442 464 Stomach adenocarcinoma

BLCA 416 397 Bladder urothelial carcinoma
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at some point. Thus, by considering only 568 oncogenes,

we prepared another CNV representation instead of taking

the whole 20,308 genes.

A manual CNV feature extraction is inefficient since

recurrent CNVs from multiple samples are often ignored.

Thereupon, we used the MSeq-CNV tool [32], which is an

efficient CNV extraction method. In order to model the

number of mate pairs with aberration in the insertion size

and Poisson distribution for emitting the read counts,

MSeq-CNV applies the binomial distribution-based mix-

ture density on each genomic position. This applies a

mixture density for modeling aberrations in depth of cov-

erage and abnormalities in the mate pair insertion sizes.

After applying MSeq-CNV, genome-wide copy gain and

loss regions are saved in a matrix form, where each row

represents a different CNV call with its sample number,

start position, end position, and CN estimation.

An example of the CNV selection process is shown in

Fig. 1, where a reference segment of chromosome 1 on top

extends from DNA location 109–1145 spanning over two

genes: A and B. Below this reference, there are six can-

didate CNs (C1–C6) at this location. C1 is a candidate CN

that extends between genes A and B, but C1 does not

overlap with any one of them, which is why we remove it

from the calculation. Candidates C2 and C3 are CNs, too,

which slightly overlap with A and B, respectively. We still

consider them as a valid CN because gene positions are not

always fixed. C4 and C5 both fully overlap with genes A

and B; hence, they are also valid CNs. C6 is not only a big

segmental CN, but it also overlaps with both genes.

However, since we consider only the part of genes that

overlap, we discard rest of the regions from the calculation.

The calculation is based on the hypothesis that if a candi-

date CN overlaps with a gene even just by one base pair,

we still consider it as a valid CN [35].

Each gene has a start and end positions in DNA, which

is similar to CNs having starting and ending positions. For

each gene, MSeq-CNV checks whether a sample has any

CNV region overlapping with that gene. Then, it assigns

the segment value for that gene; otherwise, 0 is assigned,

i.e., a tumor sample has different CN variations than a

reference, which is measured by the segment value. If the

value is positive, CN in that gene is considered to be more

increased than the reference. A negative value, however,

signifies that the gene was deleted from that DNA location.

A sample of the final training data is shown in Table 3. The

first row shows a male patient’s GBM tumor sample, where

genes PRDM16 and RPL22 have CN losses with seg-

mentation values of 0.3195 and 0.2154, respectively,

whereas gene CAMTA1 has no CNVs. Eventually, our

training data dimension reduced from 20,308 to 568 and

the label column.

3.5 Network constructions and training

We construct and train the Conv-LSTM and CAE networks

using two different CNVs representations based on onco-

genes and protein-coding genes, in which multiple snap-

shot models are created. We evaluate each trained model

independently, which is followed by the model averaging

ensemble (MAE) to combine the snapshot models of both

networks.

However, to apply the convolutional (conv) operations

and to find important biomarkers using a guided-gradient

class activation map (aka. GradCAM), we embedded each

CNVs sample into a 2D image. Each protein-coding gene-

based CNV sample was reshaped from a 20; 308� 1 array

into a 144� 144 image, whereas each oncogene-based

CNV sample was reshaped from a 568� 1 array into 24�
24 image by adding zero padding around the edges. Then,

all the images are normalized to [0,255] without losing any

information.

3.5.1 Conv-LSTM network

We construct and train the Conv-LSTM network by com-

bining CNN and LSTM layers in a single architectures as

shown in Fig. 2. While the CNN uses conv filters to cap-

ture local relationship values, an LSTM network can carry

overall relationship of a whole CNV sequence more effi-

ciently. This turns Conv-LSTM into a powerful architec-

ture to capture long-term dependencies between features

extracted by CNN. To do so, all the input X1;X2; . . .;X t

cells in Conv-LSTM output C1; C2; . . .; Ct, hidden states

H1;H2; . . .;Ht, and gates it,ft,ot of the network as 3D

tensors whose last two dimensions are spatial dimensions.

Then, the Conv-LSTM determines the future state of a

certain cell in the input hyperspace by the inputs and past

states of its local neighbors, which is achieved by using a

convolution operator in the state-to-state and input-to-state

transition as follows [49]:

it ¼ r Wxi � X t þWhi � Ht�1 þWci � Ct�1 þ bið Þ
ft ¼ r Wxf � X t þWhf � Ht�1 þWcf � Ct�1 þ bf

� �

Ct ¼ ft � Ct�1 þ it � tanh Wxc � X t þWhc � Ht�1 þ bcð Þ
ot ¼ r Wxo � X t þWho � Ht�1 þWco � Ct þ boð Þ
Ht ¼ ot � tanh Ctð Þ

8
>>>>>><

>>>>>>:

ð1Þ

In Eq. 1, ‘*’ denotes the conv operation and ‘o’ is the

entrywise multiplication of two matrices of same dimen-

sions. Intuitively, an LSTM layer treats an input feature

space as timesteps and outputs arbitrary hidden units per

timestep. The second LSTM layer emits an output ‘H,’

which is then reshaped into a feature sequence to feed into

fully connected layers to predict the cancer types at the
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next step, which is again used as an input at the next time

step. Once the input feature space is passed to the conv

layer, the input is padded such that the output has the same

length as the input.

Output of each conv layer is then passed to the dropout

layer to regularize learning to avoid overfitting [25]. This

involves the input feature space into lower-dimensional

representation, which is then further down-sampled by two

different max pooling layers and a max pooling

layer (MPL) by setting the pool size, where the output of

an MPL can be considered as an ‘extracted feature’ from

each 2D CNV image. Since each MPL follows to ‘flatten’

the output space by taking the highest value in each

timestep dimension, this helps produce a sequence vector

(i.e., feature sequence) from the last LSTM layer, which

will hopefully force the CNVs of specific genes that are

highly indicative of being responsible for specific cancer

type. Then, this vector is fed into the neural network after

passing through another dropout layer and a fully con-

nected Softmax for the probability distribution over the

classes.

3.5.2 Convolutional autoencoder classifier

Using the Conv-LSTM-based network, we have seen how

to extract both local and globally important features for

classifying individual samples from a limited number of

labeled samples. However, in cases of very small numbers

of training samples, unsupervised pretraining has proven

highly effective [10, 16, 21, 47]. Further, since both data-

sets are very sparse, we hypothesize that using a CAE-

based representation learning (with reduced dimension)

and classification scheme should further enhance the clas-

sification accuracy.

The architecture of the CAE used in this work consists

of a 19-layer CAE. A batch normalization layer is placed

after every conv layer to normalize the inputs to the next

layer in order to fight the internal covariate shift problem.

The ReLU activation function is used in every layer except

Fig. 1 An example CNV selection process from a set of candidate

CNs from a reference segment of chromosome 1 that extends from

one DNA location to another location

Table 3 Example of training

data prepared based on CNVs

representation of oncogenes

Type Gender PRDM16 RPL22 CAMTA1 MTOR ... MTCP1

1 1 - 0.3195 - 0.2154 0 0.4767 ... 0.652

2 0 0.230 - 0.552 1.715 - 0.92 ... - 1.0

3 0 - 1.240 0.975 0.350 0.642 ... 0.985

Fig. 2 The schematic representation of the Conv-LSTM network, which starts from taking input CNV samples and passing to CNN layers before

getting a sequence vector representation from the LSTM layers to pass to dense, dropout, and softmax layers for the cancer-type prediction
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for the last layer that uses a softmax activation function.

From the given CNV samples, a conv layer in the encoder

calculates the feature map. The pooling layer is calculated

by down-sampling the conv layer by taking the maximum

value in each non-overlapping subregion. The CAE clas-

sifier contains two parts: (i) the CAE and (ii) the classifier.

The CAE part has the following structure (Fig. 3):

– Input: each CNVs sample is reshaped to 144� 144

– Convolutional layer: of size 32� 144� 144

– Batch normalization layer: of size 32� 20; 736

– Convolutional layer: of size 32� 20; 736

– Batch normalization layer: of size 32� 10; 368

– Max pooling layer: of size 32� 10; 368

– Convolutional layer: of size 64� 10; 368

– Batch normalization layer: of size 64� 10; 368

– Convolutional layer: of size 64� 10; 368

– Batch normalization layer: of size 64� 10; 368

– Convolutional layer: of size 128� 10; 368

– Batch normalization layer: of size 128� 10; 368

– Convolutional layer: of size 128� 10; 368

– Batch normalization layer: of size 128� 10; 368

– Convolutional layer: of size 128� 10; 368

– Batch normalization layer: of size 128� 10; 368

– Convolutional layer: of size 64� 10; 368

– Batch normalization layer: of size 64� 10; 368

– Upsampling layer: of size 64� 20; 736

– Convolutional layer: of size 1� 20; 736.

After training the CAE, we remove the decoder compo-

nents by making the first 19 layers trainable false, since the

encoder part is already trained. On top of these compo-

nents, we add a flattening layer, followed by a fully con-

nected dense layer of size 128, followed by the softmax

output unit of 14, i.e., number of classes.

3.5.3 Ensemble of classifiers

The model ensemble technique helps the neural network to

achieve improved performance compared to the predictions

from a single model by reducing the generalization error. It

can be achieved by training multiple model snapshots

during a single training run and combining their predictions

to make an ensemble prediction called snapshot ensemble

[18]. A limitation of this approach, however, might be that

the saved models will be similar, resulting in similar pre-

dictions and predictions errors. This will not offer much

benefit from combining their predictions unless we have

already introduced diversities during model training [18].

This issue can be addressed by changing the learning

algorithm to force the exploration of different network

weights during a single training run that will result, in turn,

with models that have differing performance. One way to

achieve this is using cyclic annealing cosine (CAC), which

aggressively but systematically changes the learning

rate (LR) over training epochs to produce very different

network weights [30]. The CAC approach requires total

training epochs, maximum learning rate, and number of

cycles, as well as the current epoch number making the

initial LR and the total number of training epochs as two

hyperparameters. Therefore, CAC will have an effect of

starting with a large LR, which is relatively rapidly

decreased to a minimum value before being dramatically

increased again to the following LR for the given epoch

[18]:

aðtÞ ¼ a0
2

cos
pmod ðt � 1; dT=MeÞ

dT=Me

� �
þ 1

� �
ð2Þ

Fig. 3 The schematic representation of the CAE classifier, which starts from taking input CNV samples and passing to CNN layers before getting

a sequence vector representation to pass to dense, dropout, and softmax layers
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In Eq. 2, aðtÞ is the LR at epoch t, a0 is the maximum

LR, T is the total epoch, M is the number of cycles, mod is

the modulo operation, and square brackets indicate floor

operations. After training the network for M cycles, best

weights at the bottom of each cycle are saved as the

snapshot of each model, which gives us M model snap-

shots. The model converges to a minimum at the end of

training. The model undergoes several LR annealing

cycles, converging to and escaping from multiple local

minima during snapshot ensembling.

The overall process is outlined in Fig. 4. Finally, all the

snapshots are collected together and used in the final

ensemble using MEA technique as shown in Fig. 5.

Although each model’s weights are subjected to the dra-

matic changes during training for the subsequent LR cycle,

CAC allows the learning algorithm to converge to a dif-

ferent solution.

3.5.4 Networks training

We train the networks in two steps: (i) First, we train each

network independently and (ii) we create multiple snap-

shots of both networks before applying the MAE. While

training the Conv-LSTM and CAE networks, network

parameters were initialized with Xavier initialization [15]

and trained using a first-order gradient-based optimization

technique called AdaMax to optimize the categorical cross-

entropy loss shown in Eq. 3 of the predicted cancer type P

vs. actual cancer type T:

Ec ¼
X

i;j;k

Ti;j;k logPi;j;k þ 1� Ti;j;k
� �

log 1� Pi;j;k

� �
ð3Þ

On the other hand, the Softmax activation function is used

in the output layer for the probability distribution over the

classes. The hyperparameters are defined in grid search and

tenfold cross-validation by varying learning rates and dif-

ferent batch sizes. Further, we observe the performance by

adding the Gaussian noise layers followed by Conv and

LSTM layers to improve model generalization and reduce

overfitting. When we train the ensemble model, we set total

epochs, maximum learning rate, number of cycles, and the

current epoch number, but we make the initial learning rate

and the total number of epochs two hyperparameters as

expected by the CA approach.

hMAE ¼ 1

m

Xm�1

0

hM�iðxÞ ð4Þ

After training each network for certain cycles, the best

weights are saved, giving model snapshots. The ensemble

prediction at test time is the average of the last m model’s

outputs, where m�M. If x is a test sample and hi xð Þ is the
softmax score of snapshot i, the final output is the simple

mean of the last m models shown in Eq. 4, giving the

lowest test error [18].

3.5.5 Finding and validating important biomarkers

Since the data are very high dimensional, we chose not to

go for manual feature selection. Rather, we let both CAE

and Conv-LSTM networks extract the most important

features inspired by literature [23]. The guided backprop-

agation helps to generate more human-interpretable but

fewer class-sensitive visualizations than the saliency

maps (SM) [38]. Since SM use true gradients, the trained

weights are likely to impose a stronger bias toward specific

subsets of the input pixels. Accordingly, class-relevant

pixels are highlighted rather than producing random noise

Fig. 4 Training loss of Conv-LSTM network using standard learning rate (blue) and M ¼ 50 cosine annealing cycles (red). The intermediate

models, denoted by the dotted lines, form an ensemble at the end of training
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[38]. Therefore, GradCAM?? is used to draw the HM to

provide attention to most important genes. Class-specific

weights of each FM are collected from the final conv layer

through globally averaged gradients (GAG) of FMs instead

of pooling [6]:

ack ¼
1

Z

X

i

X

j

oyc

oAk
ij

ð5Þ

where Z is the number of pixels in a FM, c is the gradient of

the class, and Ak
ij is the value of kth FM at (i, j). Having

gathered relative weights, the coarse SM, Lc is computed as

the weighted sum of ack � Ak
ij of the ReLU activation

function and employ the linear combination to the FM,

since only the features with positive influence on the class

are of interest [6].

Lc ¼ ReLU
X

i

ackA
k

 !

ð6Þ

The GradCAM?? replaces the GAG with a weighted

average of the pixel-wise gradients (Eq. 7), since the

weights of pixels contribute to the final prediction (Eq. 8)

by aggregating Eq. 7 and akcij (Eq. 9). In summary, it

applies the following iterators over the same activation

map Ak, (i, j) and (a, b):

wc
k ¼

X

i

X

j

akcij � ReLU
oyc

oAk
ij

 !

ð7Þ

yc ¼
X

k

wc
k �
X

i

X

j

Ak
ij ð8Þ

akcij ¼
o2yc

ðoAk
ijÞ

2

2 o2yc

ðoAk
ijÞ

2 þ
P

a

P
b A

k
ab

o3yc

fðoAk
ijÞ

3g

ð9Þ

Fig. 5 Model averaging ensemble of Conv-LSTM and CAE snapshots
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Consequently, they can highlight class-relevant pixels

rather than produce random noise [38]. This further moti-

vated us to use the GradCAM?? [6] to draw the heat map

to provide attention to the most important genes and related

CNV in their locations. Since GradCAM?? requires all

the samples to run through the neural network once, we let

the trained CAE model set and record the activation maps

in the forward pass, and the gradient maps in the back-

propagation collect the heat map for each sample from the

trained model.

The idea is also to find most important biomarkers by

ranking them based on mean absolute impact (MAI)

threshold. For a batch of samples, first we compute the loss

for a column across the samples. Then, we shuffled that

column and compute the loss again. The feature impor-

tance is then given by the difference between the loss

obtained when the respective column is shuffled and the

original loss. Then, the MAI is computed as the mean of

the Fi across the batches. The idea is that when the column

is shuffled, the relationship between that feature and the

output of the model is broken. Therefore, if the loss

Neural Computing and Applications (2020) 32:15281–15299 15291

123



increases a lot, making the model predictions are less

accurate, then there is high chance that that variable could

be an important predictor. Conversely, if the loss remains

almost equal, that predictor is not contributing significantly

toward increasing or decreasing the accuracy. Hence, it can

be considered as a less important feature.

The second approach we could employ is by first com-

puting the gradient for a class for the last conv layer and

using the ReLU activation function to normalize the gra-

dient between 0 and 1, which is the importance. However, if

the gradient is negative, we would have to change it to 0,

which would force to keep track of weak CNV features.

Algorithms 1 and 2 show the pseudocode used for com-

puting feature importance with ranking genes and for

identification of the important areas on the heat maps, while

Fig. 6 shows the schematic representation of both step.

3.5.6 Hyperparameter tuning

Since an appropriate selection of hyperparameters can have

a huge impact on the performance of deep architecture, we

perform the hyperparameter optimization through a ran-

dom search and fivefold cross-validation tests. First, we

optimize the parameters for the individual model, followed

by the optimization of the ensemble model. While training

the Conv-LSTM and CAE, in each of five runs, 70% of the

data are used for the training, 30% of the data are used for

the evaluation, and 10% of data from the training set are

used for the validation of networks to optimize the learning

rate, batch size, number of filters, kernel size, dropout

probability, and Gaussian noise probability.

However, for pretraining the CAE, 90% of data are used

for the training and 10% of the data are used for validation.

When we train the ensemble model, we set number of

epochs (NE) to 500, maximum learning rate to 1.0, and

number of cycles (NC) to NE/10, giving 50 snapshots for

each model for 50 cycles through a grid search, since an

exhaustive optimization would be too computationally

expensive. Further, we only use a single object property to

test how results change with each choice of parameter, due

to computational constraints.

However, to get the class-specific heat map, we average

all the normalized heat maps from the same class, as

suggested in the literature [44]. In the heat map, a higher

intensity pixel represents a higher significance to the final

prediction, which indicates higher importance of its cor-

responding gene and its CNV. Finally, top genes are

selected based on the intensity rankings in the heat maps as

described in Algorithms 1, 2, and 6.

4 Experiment results

We carried out several experiments based on protein-cod-

ing genes and oncogenes. By using each network and CNV

representation, cancer-type predictions were experimented

separately. Results of each experiment with a comparative

analysis will be discussed in this section.

4.1 Experiment setup

All programs were implementation in Python2. The soft-

ware stack comprised Scikit-learn and Keras with the

TensorFlow backend. The network was trained on a

Fig. 6 Schematic representation of important biomarkers identifica-

tion, which starts from taking a raw CNV sample and passing to conv

layers before obtaining rectified conv feature maps to be used to set

and record the activation maps in the forward pass, and gradient maps

in the backpropagation to put attention using heatmap

2 https://github.com/rezacsedu/Neural-ensemble-cancer.
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computer with an i7 CPU core, 32GB of RAM, Ubuntu

16.04 OS, and Nvidia GTX 1050i GPU with CUDA and

cuDNN enabled to make the overall pipeline faster. Results

based on the best hyperparameters produced through ran-

dom search are reported empirically.

We report the results using macro-averaged precision

and recall since classes are imbalanced. We did not report

F1-scores since it is significant only when the value of

precision and recall is very different. Further, for cancer

diagnosis, it is important to have both high precision and

recall. Hence, results with very different precision and

recall are not useful in cancer diagnosing and tumor-type

identification. Finally, the MAE is used to report the final

predictions.

4.2 Performance analysis of individual model

Classification accuracies using oncogenes and all noncod-

ing genes vary. In particular, using protein-coding genes,

classifiers perform moderately well, giving accuracies of

72.96% and 76.77% with Conv-LSTM and CAE network,

respectively. Since the classes are imbalanced, only the

accuracy will give a very distorted estimation of the cancer

types. Class-specific classification reports are thus shown

in Tables 4 and 5.

As shown in Table 4, precision and recall for the

majority of cancer types were moderately high in which

CAE performed mostly better than Conv-LSTM network.

In particular, CAE classifier can classify COAD, GBM,

KIRC, BRCA, LUSC, and PRAD more confidently (at

least 82.50% of the cases). On the contrary, Conv-LSTM

classified the OV tumor samples more accurately than CAE

classifier (83.56% vs 76.13%). The downside is that both

classifiers have made a substantial amount of mistakes,

e.g., CAE can classify STAD and UCEC tumor cases only

65% and 68% accurately, whereas the Conv-LSTM net-

work made more mistakes particularly for the STAD,

BLCA, THCA, UCEC, LUAD, and LGG tumor samples.

Although the tumor-specific classification accuracies

varied across classes, the overall accuracies increased

moderately and reached 74.25% and 78.32% using Conv-

Table 4 Performance on cancer-type prediction using noncoding

genes

Tumor type Conv-LSTM (72.96%) CAE (76.77%) Support

Precision Recall Precision Recall

COAD 0.6981 0.7325 0.7924 0.8250 133

GBM 0.8127 0.8275 0.8247 0.8765 151

KIRC 0.8013 0.7335 0.8331 0.8468 150

LGG 0.8250 0.6935 0.8642 0.7835 120

LUAD 0.6835 0.6584 0.6992 0.7238 136

LUSC 0.6937 0.7294 0.7438 0.8352 132

OV 0.7539 0.8356 0.8365 0.7613 145

UCEC 0.6645 0.6829 0.7435 0.6834 131

BRCA 0.7357 0.7587 0.7954 0.8386 269

HNSC 0.7134 0.7235 0.6853 0.7542 141

THCA 0.6967 0.6959 0.7025 0.7654 121

PRAD 0.7225 0.7934 0.8395 0.8345 124

STAD 0.6528 0.6917 0.6776 0.6512 113

BLCA 0.7356 0.6589 0.7925 0.7489 108

Avg/total 0.7278 0.7296 0.7593 0.7677 1974

Table 5 Performance on

cancer-type prediction using

oncogenes

Tumor type Conv-LSTM (74.67%) CAE (78.32%)

Precision Recall Precision Recall Support (CAE)

COAD 0.7785 0.7564 0.8265 0.8193 133

GBM 0.8254 0.8330 0.8433 0.8524 151

KIRC 0.7753 0.7835 0.8172 0.8035 150

LGG 0.8235 0.7136 0.7976 0.8031 120

LUAD 0.7520 0.7351 0.7584 0.7674 136

LUSC 0.7528 0.6475 0.7139 0.7256 132

OV 0.8327 0.8407 0.8665 0.8538 145

UCEC 0.7726 0.7625 0.8732 0.8412 131

BRCA 0.7956 0.8075 0.8012 0.7965 269

HNSC 0.8253 0.6932 0.7025 0.6929 141

THCA 0.7953 0.8025 0.7429 0.7581 121

PRAD 0.8267 0.8237 0.8781 0.8626 124

STAD 0.7924 0.6945 0.7632 0.7737 113

BLCA 0.8368 0.7979 0.8623 0.8553 108

Avg/total 0.7543 0.7467 0.7945 0.7832 1974
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LSTM and CAE, respectively. As shown in Table 5, pre-

cision and recall scores for most of the cancer types are

higher than that of protein-coding gene-based CNVs.

Similar to the previous experiment, CAE performed mostly

better than the Conv-LSTM network across tumor types. In

particular, the CAE classifier can correctly classify COAD,

GBM, OV, UCEC, PRAD, and BLCA in at least 80% of

the cases showing higher confidence.

On the contrary, Conv-LSTM classified the BRCA and

THCA tumor samples more accurately than the CAE

classifier. The downside is that both classifiers have made

substantial mistakes, too. For example, CAE could classify

HNSC and LUSC tumor samples accurately in only 69%

and 72% of the cases, respectively, whereas the Conv-

LSTM network made more mistakes, particularly for the

STAD, HNSC, LUSC, and LGG tumor samples. In sum-

mary, both classifiers performed moderately well except

for certain types of tumor cases such as STAD, HNSC,

BLCA, THCA, UCEC, LUAD, LUSC, and LGG. The ROC

curves in Fig. 7 based on CNVs from oncogene show that

AUC scores generated by both the Conv-LSTM model and

CAE classifier are consistent across folds, and AUC scores

generated by the CAE classifier are about 4% better than

that of the Conv-LSTM network.

Fig. 7 The ROC curves for Conv-LSTM and CAE models across folds

Fig. 8 Confusion matrices of the ensemble classifier
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4.3 Performance analysis of the ensemble model

The ensemble classifier shows about 2% and 4% perfor-

mance boost across classes and overall in the cases of

oncogenes and protein-coding gene, respectively. The

accuracy looks easy enough but makes no distinction

between classes, e.g., when a doctor makes a medical

diagnosis that a patient has cancer, in reality, the patient

does not (i.e., false positive). This has very different con-

sequences than making the call that a patient does not have

cancer when he actually does (i.e., false negative). A more

detailed breakdown of correct and incorrect classifications

for each class using the confusion matrices is shown in

Fig. 8. The rows of the matrix correspond to ground truth

labels, and the columns represent predictions.

There have been significant accuracy improvements in

the case of STAD, HNSC, BLCA, THCA, UCEC, and

LUSC tumor types, e.g., for the UCEC and LUSC cancer

types, not only the accuracies increased slightly, but also

the false positive rates reduced significantly. On the con-

trary, using oncogenes, classifiers were less confused

among tumor types, except for the LGG, HNSC, and

THCA tumor types. Despite these improvements, there are

still high confusion among LUAD, HNSC, and LGG,

which is because features from these tumor samples are

highly correlated. We could not find an exact reason for

such behavior, and a more gene-specific CNV analysis is

required to confirm such correlations.

4.4 Validation of the top biomarkers

We report the validation and feature ranking only for the

protein-coding gene-based CNVs only. The reason is that

the number of protein-coding genes is much higher than

that of oncogenes and finding important biomarkers from

this large feature space is more challenging. Figure 9

shows some heat maps generated for each class showing

similarities across fivefold and displaying a distinct pattern

when comparing different cancer types, where each row

represents heat maps of one cancer type and columns

represent heat maps across five different folds. Circled

regions show the similar pattern in all the folds. Although

there are some differences among different folds, some

patterns are clearly visible.

Since we already identified top genes for which the

change in CNV to have significant impacts, only five tumor

types (i.e., BRCA, KIRC, COAD, LUAD, and PRAD)

have at least five genes having feature importance of at

least 0.5. The related genes in the top 20 can then be

viewed as tumor-specific biomarkers, which contribute

most toward making the prediction by the neural networks.

Fig. 9 Heat map examples for selected cancer types. Each column represents the result from one fold. Rows represent the heat maps of BRCA,

KIRC, COAD, LUAD, and PRAD cancer types (from top-down)
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Then, top five biomarkers and their importance, MAI

higher than 0.5, are shown in Table 6. As for the other nine

tumor types, only three genes managed to make in the list

and are not reported here.

To further validate our findings, the saturation analysis

of cancer genes across 13 tumor types (except for COAD)

is obtained from the TumorPortal3 [29]. Validation for the

COAD cancer is done based on the signature-based

approach [54], which was used for predicting the pro-

gression of colorectal cancer. However, our approach

makes some false identifications, as 21 out of 25 genes are

validated to be correct.

4.5 Analysis of the common biomarkers

We report the top ten common biomarkers while extracting

the feature importance in Fig. 10 across 14 cancer types.

As seen, KRTAP1-1, INPP5K, GAS8, MC1R, POLR2A,

BET1P1, NAT2, PSD3, KAT6A, and INTS10 genes are

common across all the cancer types giving INTS10, a

protein-coding gene, the highest feature importance of 0.6.

Importantly, identifying all significant common gene

sets for a specific cancer type, e.g., BRCA, will help to

understand various aspects of BRCA carcinogenesis. Thus,

these top genes have very close relations to the corre-

sponding tumor types, which could be viewed as potential

biomarkers. However, a more detailed analysis of biolog-

ical signaling pathways is needed to further validate these

findings.

4.6 Comparisons with related works

Two previous studies focused on using CNVs datasets

[13, 53] from cBioPortal for Cancer Genomics. They

applied incremental feature selection methods to extract

CNV features to train classic ML models and managed to

achieve good classification accuracy, i.e., 75% and 85% by

Zhang et al. and Sanaa et al., respectively.

Since our datasets are collected from TCGA and have

more samples that are used to train DL algorithms, a one-

to-one comparison was not viable. Our proposed approach

achieved 80% classification accuracy, which is about 6%

better than our previous approach [22] in terms of every

metric. Nevertheless, we attempted to provide more

human-interpretable interpretation by identifying statisti-

cally significance biomarkers. These analyses are further

validated with scientific literature, which confirms that the

identified genes are biologically relevant and significant

CN changes to these gene’s location may have significant

impact on cancer patients.

5 Conclusion

In this paper, we proposed a snapshot neural ensemble

method for cancer-type prediction based on CNVs data

using two deep architectures called Conv-LSTM and CAE.

Our ensemble method is based on cosine annealing tech-

niques, which create multiple model snapshots of these

networks. Then, we apply the MAE technique to combine

the predictive power of these architectures. Experimental

results show that CNVs are not only useful for predicting

certain types of cancer but also show an obvious associa-

tion with cancer growth.

Considering an accuracy of 80% for cancer-type pre-

diction, however, we cannot claim that our model’s con-

fidence is very high. This is for several reasons, such as

lack of training samples, poor training, and data sparsity.

The latter reason caused each network to produce high

training and validation loss of error optimization during the

training phase, giving lower accuracy. Data sparsity

Table 6 Top five genes and their importance using protein-coding

gene-based CNVs

Cancer type Gene symbol Gene type Importance

BRCA PIK3CA Oncogene 0.77453

TP53 Protein-coding 0.751256

MLL3 Protein-coding 0.694733

TBX3 Oncogene 0.574118

CDH1 Protein-coding 0.5320342

KIRC VHL Oncogene 0.696541

SETD2 Protein-coding 0.6134569

BAP1 Protein-coding 0.597562

PTEN Oncogene 0.5876541

GUSB Oncogene 0.546782

LUAD EGFR Oncogene 0.812341

KRAS Protein-coding 0.723451

KEAP1 Oncogene 0.703733

STK11 Protein-coding 0.693567

NBPF1 Protein-coding 0.6678923

PRAD SPOP Oncogene 0.6785425

TP53 Oncogene 0.5864233

FOXA1 Protein-coding 0.530765

COL5A1 Protein-coding 0.519537

MED12 Protein-coding 0.497568

COAD ART5 Protein-coding 0.798543

EPHA6 Protein-coding 0.7543273

FOXD1 Protein-coding 0.726596

TIMP1 Protein-coding 0.6954322

ARID1A Protein-coding 0.5954237

3 http://www.tumorportal.org/.
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evolved because, on average, only 422 samples per tumor

were used for the training. This is fairly low for such high-

dimensional complex data. As a result, models were not

trained well enough to identify subtle differences among

tumors types.

We lacked enough training samples compared to the

complex dataset, as deep architectures usually expect more

samples to get trained well. For the same reason, there was

a lack of samples to perform model validation during

fivefold cross-validation. Another reason for poor training

might be an imbalanced dataset. As we can see, some

cancer types, such as BRCA, have 2.5 times more training

samples than other tumors. For example, STAD and BLCA

have at least 15% sample difference with other tumor

types. These two tumors have very low classification

accuracy, where about half of the samples were

misclassified.

Further, depending on the genome sequencing and CNV

calling algorithms, different CNs with different CNV

lengths and segmentation means might be produced and the

results may change significantly. Although we attempted

opening the black-box model through the gene validation

and feature ranking, a more detailed analysis on biological

signaling pathways is needed to further validate these

findings. Since multiple factors are involved in cancer

diagnosis, e.g., estrogen receptor (ER), progesterone

receptor (PGR), and human epidermal growth factor

receptor 2 (HER2/neu) statuses for breast cancer, provid-

ing AI-based diagnoses might not be accurate solely based

on CNVs. This requires using multimodal features based

on DNA methylation, GE, miRNA expression, and CNVs

data by creating a multiplatform network to support each

data type.

Lastly, a DL approach using CNV data along with other

types of genomics data from different cohorts such as DNA

methylation, GE, and somatic mutations will be more

reliable. In future, we intend to extend this work by alle-

viating the above limitations, such as increasing the num-

ber of samples for training, testing, and validation, by

combining samples from other sources, such as ICGC and

COSMIC.
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