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Abstract

Prediction of the stage of cancer plays an important role in planning the course of treatment and has been largely reliant on
imaging tools which do not capture molecular events that cause cancer progression. Gene-expression data—based analyses are
able to identify these events, allowing RNA-sequence and microarray cancer data to be used for cancer analyses. Breast cancer
is the most common cancer worldwide, and is classified into four stages — stages 1, 2, 3, and 4 [2]. While machine learning
models have previously been explored to perform stage classification with limited success, multi-class stage classification
has not had significant progress. There is a need for improved multi-class classification models, such as by investigating deep
learning models. Gene-expression-based cancer data is characterised by the small size of available datasets, class imbalance,
and high dimensionality. Class balancing methods must be applied to the dataset. Since all the genes are not necessary for
stage prediction, retaining only the necessary genes can improve classification accuracy. The breast cancer samples are to
be classified into 4 classes of stages 1 to 4. Invasive ductal carcinoma breast cancer samples are obtained from The Cancer
Genome Atlas (TCGA) and Molecular Taxonomy of Breast Cancer International Consortium (METABRIC) datasets and
combined. Two class balancing techniques are explored, synthetic minority oversampling technique (SMOTE) and SMOTE
followed by random undersampling. A hybrid feature selection pipeline is proposed, with three pipelines explored involving
combinations of filter and embedded feature selection methods: Pipeline 1 — minimum-redundancy maximum-relevancy
(mRMR) and correlation feature selection (CFES), Pipeline 2 — mRMR, mutual information (MI) and CFS, and Pipeline
3 — mRMR and support vector machine-recursive feature elimination (SVM-RFE). The classification is done using deep
learning models, namely deep neural network, convolutional neural network, recurrent neural network, a modified deep
neural network, and an AutoKeras generated model. Classification performance post class-balancing and various feature
selection techniques show marked improvement over classification prior to feature selection. The best multiclass classifica-
tion was found to be by a deep neural network post SMOTE and random undersampling, and feature selection using mRMR
and recursive feature elimination, with a Cohen-Kappa score of 0.303 and a classification accuracy of 53.1%. For binary
classification into early and late-stage cancer, the best performance is obtained by a modified deep neural network (DNN)
post SMOTE and random undersampling, and feature selection using mRMR and recursive feature elimination, with an
accuracy of 81.0% and a Cohen-Kappa score (CKS) of 0.280. This pipeline also showed improved multiclass classification
performance on neuroblastoma cancer data, with a best area under the receiver operating characteristic (auROC) curve score
of 0.872, as compared to 0.71 obtained in previous work, an improvement of 22.81%. The results and analysis reveal that
feature selection techniques play a vital role in gene-expression data-based classification, and the proposed hybrid feature
selection pipeline improves classification performance. Multi-class classification is possible using deep learning models,
though further improvement particularly in late-stage classification is necessary and should be explored further.
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1 Introduction

Cancer is a genetic disease and globally one of the leading
causes of death. In 2020, 2.3 million women were diagnosed
with breast cancer and 685,000 died [35]. Charting out plans for
treatment and prognoses have to factor in the stage of cancer.
Automating this process using artificial intelligence methods
is of great research interest as it would eliminate the need of
assessments by professionals and would also ensure greater data
collection from a single procedure. Cancer prediction models
to date have depended on neural networks to uncover com-
plex connections in the data. Depicting the metamorphosis of
genotype into phenotype by inspecting the transcribed mRNA
count in a genomic system is called gene expression. The most
popular standardised ways to recognise gene expression vari-
ation are RNA sequencing and microarray data. RNA-Seq or
RNA sequencing is a next-generation sequencing method that
measures the presence and change in the RNA quantity in a
sample at any given time [28]. Microarray-based gene expres-
sion profiles are widespread in cancer research for biomarker
identification in the prediction of clinical endpoints like diag-
nosis, prognosis, and treatment response prediction. They use
microarrays to calculate the relative activity of previously
marked target genes [10, 17]. RNA-Seq gives greater cover-
age and resolution of the changing nature of the transcriptome
compared to microarray-based techniques [25].

PET and MR imaging techniques, although widely avail-
able for the scope of early breast cancer detection, rely on
physical features which do not provide insights into cancer
progression causing molecular events [3]. On the other hand,
gene expression analysis can capture early stage indicators
as well as ascertain molecular events that show early to late
stage disease advancement. So, gene-expression data can be
used to identify and classify the stages of cancer. By nature,
gene-expression cancer data brings with it some challenges,
including high dimensionality and class imbalance. Hence,
appropriate feature selection methods and class balancing
techniques must be applied. While machine learning models
for predicting the stage and type of cancer exist [36, 37], no
attempts have been made to pre-process the gene expression
data, apply deep learning models [8, 18], and determine the
stage of cancer with high accuracy. Therefore, there is a need
to explore multiclass classification of cancer stages, using a
hybrid feature selection technique and deep learning models.

2 Related work

A survey of neural-network-based cancer prediction
models from microarray data [7] surveyed papers pub-
lished between 2003 and 2018 on neural networks,
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gene-expression data, and cancer prediction, and covered
cancer classification, discovery, survivability prediction,
and statistical analysis models. Pre-processing methods
covered included affymetrix normalisation, fragments
per kilobase per million (FPKM) normalisation, and zero
mean one unit variance normalisation. Synthetic minor-
ity oversampling technique (SMOTE) and other oversam-
pling techniques were used for class balancing. Deep MLP
models, generative models, extreme learning machines,
convoluted neural network (CNN), and genetic algorithms
were used for classification of cancer and for cancer sur-
vivability prediction.

The initial findings of gene expression profile of periph-
eral blood mononuclear cells may contribute to the identi-
fication and immunological classification of breast cancer
patients [30] which imply that evaluating gene expres-
sion trends of PMBCs can be a less invasive diagnostic
method and helpful in giving insights into breast cancer
biomarkers.

In [22], the authors propose a novel machine learning
method using transfer learning for reconstructing gene
regulatory networks (GRNs) from gene expression data.
The method leverages knowledge from a source organ-
ism’s GRN to reconstruct the GRN of a target organism,
and performs well in positive-unlabelled settings and dem-
onstrates superior performance compared to state-of-the-
art approaches, identifying previously unknown functional
relationships among genes in the human GRN.

The combined pN stage and breast cancer subtypes in
breast cancer: a better discriminator of outcome can be
used to refine the 8th AJCC staging manual [38], suggests
that the combined pN stage and breast cancer subtypescan
predict and discriminate between breast cancer results.

KRAS expression is a prognostic indicator and asso-
ciated with immune infiltration in breast cancer [20],
concluded that KRAS expression can indicate the breast
cancer prognoses and is closely linked to tumour immune
infiltration.

Microarray cancer feature selection: Review, chal-
lenges, and research directions [17] present an extensive
survey of studies on microarray cancer classification with
a focus on feature selection methods. The use of filter,
wrapper, and embedded and hybrid approaches to feature
selection were covered. The list of techniques discussed
are filter techniques: correlation-based feature selection,
the fast correlation-based filter (FCBF) technique, the
INTERACT algorithm, information gain, ReliefF, mRMR
algorithm, consistency-based filter; wrapper techniques:
ant colony optimization, distance sensitive rival penalised
competitive learning—support vector machine (ADSRPCL-
SVM) genetic algorithm with SVM; embedded techniques:
SVM-RFE; hybrid approach: a combination of statistical



Medical & Biological Engineering & Computing (2023) 61:2895-2919

2897

and machine learning approaches, such as ANOVA and
LDA coupled with SVM and filtering using mRMR fol-
lowed by NB and SVM.

A hybrid gene selection method based on ReliefF and
ant colony optimization algorithm for tumour classification
[29] described an effective hybrid gene selection method
based on ReliefF [33] and ant colony optimisation (ACO)
algorithm called RFACO-GS for tumour classification. It
was tested on four datasets — colon cancer, leukaemia, lung
cancer, and prostate cancer. The classification accuracy of
RFACO-GS, 94.3%, was found to be highest out of the algo-
rithms implemented.

The authors in the work [39] propose a model called lami-
nar augmented cascading flexible neural forest (LACFN-
Forest) for the classification of cancer subtypes. The model
utilises a cascading flexible neural forest with a hierarchi-
cal broadening ensemble method and an output judgment
mechanism to improve classification accuracy and reduce
computational complexity. Experimental results on RNA-
seq gene expression data demonstrate that LACFNForest
outperforms conventional methods in cancer subtype clas-
sification, offering a promising approach for ensemble learn-
ing of classifiers with improved accuracy and robustness.

Identification of gene-expression signatures and protein
markers for breast cancer grading and staging [36] described
a computational method for prediction of gene signatures for
breast cancer stages based on RNA-seq data using the TCGA
[31] breast cancer dataset. The Wilcoxon signed-rank test
was applied to identify genes that are differentially expressed
in cancer versus control samples. Spearman correlation coef-
ficient was used to assess the level of correlation between the
average gene expression and the sample stage for identifying
genes whose expression change go up or down with respect
to stages. The Mann Whitney test is then applied to iden-
tify the differentially expressed genes among the different
stages. Pathway enrichment analysis was performed. SVM-
RFE approach was applied to predict gene signatures for
each breast cancer grade as well as stage. A 30-gene panel
and a 21-gene panel are predicted as gene signatures for
distinguishing advanced stage (stages 3—4) from early stage
(stages I-II) cancer samples and for distinguishing stage 2
from stage 1 samples, respectively.

Classification models for invasive ductal carcinoma (IDC)
progression, based on gene expression data-trained super-
vised machine learning [27], covered staging of IDC sam-
ples using machine learning algorithms. Samples bearing
clinical stages of stages 1 and 2 were pooled together as
‘early stage’, while stages 3 and 4 were pooled together as
‘late stage’. Near zero variance features and features having
correlation coefficients more than 80% were removed. The
training datasets were standardised using z-score normalisa-
tion. Feature selection algorithms such as RFE, RLASSO,
random forest, linear modelling, and linear regression were
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Fig. 1 Proposed methodology for cancer staging multiclass classifica-
tion

implemented. In order to get consensus ranking, the over-
all mean of each feature rank obtained from an individual
method was calculated. Subsequently, the top 20, 30, 40,
50, 60, and 80 features were used to train and evaluate
accuracy of models for binary classification of early vs late
IDC, based on 5 machine-learning methods namely RF,
Naive Bayes, SVM, logistic regression, and decision tree.
The feature list which gave the highest accuracy for all the
machine-learning methods was selected for model genera-
tion and evaluation. The classification accuracy of the gener-
ated prediction models ranges from 74 for SVM to 95% for
random forest, and auROC value ranges from 0.76 for LR to
0.93 for the random forest trained model for complete gene
expression-based model.

In deep learning for stage prediction in neuroblastoma
using gene expression data [23], the dataset to build a model
was obtained through the Gene Expression Omnibus (GEO)
[4] and TCGA. DNN Classifier on TensorFlow was used to
classify the neuroblastoma dataset into 5 stages — 1, 2, 3, 4,
and 4S. Stages 1 and 4 could be distinguished in neuroblas-
toma patients. Considering the poor prediction of the other
stages in the test set, it is likely that overfitting occurred for
stages 2, 3, and 485, small size of dataset (280 cases). The
accuracy calculated from each training set and test set was
found to be 100% and 55.56%, respectively. The stage wise
(1,2, 3,4, and 4S) one-vs-rest (OVR) AUCs were 0.8, 0.66,
0.59, 0.85, and 0.58, respectively.

A novel machine learning method was proposed by
exploiting the knowledge about the gene regulatory networks
(GRNs) from gene expression data of a source organism for
the reconstruction of the GRN of the target organism, by
means of a novel transfer learning technique. The results of
proposed methods outperform state-of-the-art approaches
and identify previously unknown functional relationships
among the analysed genes [22]. A laminar augmented cas-
cading flexible neural forest (LACFNForest) model was
proposed to complete the classification of cancer subtypes.
This model is a cascading flexible neural forest using deep
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Fig.2 Data extraction and pre-
processing
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flexible neural forest (DFNForest) as the base classifier. A
hierarchical broadening ensemble method was proposed,
which ensures the robustness of classification results and
avoids the waste of model structure and function as much as
possible. The LACFNForest model effectively improves the
accuracy of cancer subtype classification with good robust-
ness. It provides a new approach for the ensemble learning
of classifiers in terms of structural design [39].

The inference of gene regulatory networks (GRNs) is
of great importance for understanding the complex regu-
latory mechanisms within cells. The emergence of single-
cell RNA-sequencing (scRNA-seq) technologies enables
the measure of gene expression levels for individual cells,
which promotes the reconstruction of GRNs at single-cell
resolution. The authors proposed a multi-view contrastive
learning (DeepMCL) model to infer GRNs from scRNA-seq
data collected from multiple data sources or time points. An
attention mechanism is introduced to integrate the embed-
dings extracted from different data sources and different
neighbour gene pairs [21].

In gene expression classification based on deep learning [2],
gene expression data of 4 types of cancer were used: diffuse
large B cell lymphoma, prostate cancer, leukaemia, and colon
cancer. Min—max normalisation technique was applied. Four
deep learning models were applied on the cancer classification
task, and the results were compared. The models used were deep
neural network, recurrent neural network (RNN), convolutional
neural network, and modified DNN: DNN in combination with
dropout. The performance of the models was evaluated using the
accuracy measure. It was found that the modified DNN model
performed best across the datasets.

In integration of RNA-Seq data with heterogeneous microar-
ray data for breast cancer profiling [5], heterogeneous datasets
of microarray data and RNA-Seq data were integrated to iden-
tify gene expressions and classify genes as possible biomarkers
for breast cancer. Overall, classification models tend to perform
poorly with respect to minority classes and usually overfit during
training leading to incorrectly high accuracy. Gene expression
data is characterised by high dimensionality and selecting the
most important features from this data reduces computational
cost. Hence, the construction of a hybrid model to use deep
learning on gene-expression data, in order to gain insight into
and improve the results of cancer staging prediction, has been
proposed in the coming sections.

3 Materials and methods
3.1 Proposed methodology

The proposed methodology for multiclass classification of
cancer stages has been detailed in Fig. 1.
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input_1 input: | [(None, 16055)]
InputLayer | output: | [(None, 16055)]
dense | input: | (None, 16055)
Dense | output: | (None, 256)
dense_1 | input: | (None, 256)
Dense | output: | (None, 64)
dense_2 | input: | (None, 64)
Dense | output: | (None, 16)
dense_3 | input: | (None, 16)
Dense | output: | (None, 1)

Fig.4 Visualisation of DNN model used for multi-class classification
post SMOTE bprior to feature selection

3.2 Data extraction and pre-processing

Gene expression data is extremely high dimensional by nature.
Often, the number of samples is in the order of tens and hun-
dreds, while the number of features is close to 20,000. This
poses serious computational challenges. Efficient methods that
can capture the required information from a select group of fea-
tures while not compromising on classification performance,
computational, and time requirements are crucial. Gene expres-
sion data is mostly of 2 types, RNA-Seq and microarray. Having
explored that study reproducibility and data-model sensitivity
is an issue in medical datasets, the two chosen datasets from
TCGA (RNA-Seq) and METABRIC (microarray) were com-
bined. This is extremely important since most of the earlier stud-
ies would have used microarray, but more recent studies would
be using RNA-Seq as it continues to rise in popularity. This
would mean that the model, if trained properly, could accept any
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input_3 input: | [(None, 16055, 1)]
InputLayer | output: | [(None, 16055, 1)] input_4 input: | [(None, 16055)]
InputLayer | output: | [(None, 16055)]
convld | input: | (None, 16055, 1) l
Conv1D | output: | (None, 16053, 30) dense 5 | input: | (None, 16055)
v Dense | output: | (INone, 256)
max_poolingld | input: | (None, 16053, 30) l
MaxPooling1D | output: | (None, 8026, 30)
dropout | input: | (None, 256)
Dropout | output: | (None, 256)
flatten | input: | (None, 8026, 30)
Flatten | output: | (None, 240780) l
v dense_6 | input: | (None, 256)
dense_4 | input: | (None, 240780) Dense | output: | (None, 64)
Dense | output: (None, 1) l
Fig.5 Visualisation of CNN model used for multi-class classification . .
post SMOTE bprior to feature selection drOPOUt_l lnpu':- (N one, 64)
. o Dropout | output: | (None, 64)
sample as input and classify it into the correct stage [32]. The
steps involved in combining the datasets are detailed in Fig. 2. l
3.3 Hybrid feature selection
dense_7 | input: | (None, 64)
High-dimensional data and class imbalance were two other
issues that were identified in current work. As such, a good fea- Dense output: (None, 16)
ture selection method would be crucial to the success of the task
of staging cancer. Since each method has its own strengths and
weaknesses, a combination of different types of feature selec-
tion methods might prove fruitful by utilising the advantages dr - .
opout_2 | input: | (None, 16
of each. It also adds a level of confidence since the selected PO P ( ’ )
features would be due to the consensus of the selected methods. DI'OpOllt output: (None, 16)
Therefore, experiments were conducted to identify the optimal
feature selection pipeline for a deep learning model. Based on
available literature, possible choices and combinations of filter '
and embedded feature selection methods were selected. Three -
pipelines were built for multiclass classification, and two from dense_8 mnput: (None, 16)
those three were implemented [14, 16, 24] for binary classifi- -
cation. The filter methods used are mRMR [9], CFS and MI. Dense OUtPUt- (None, 1)

SVM-RFE, an embedded technique, is also used. The three
pipelines are described in Fig. 3.
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Fig.6 Visualisation of modified DNN model used for multi-class
classification post SMOTE prior to feature selection
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input_6 input: | [(None, 16055, 1)]
InputLayer | output: | [(None, 16055, 1)]
simple_mn | input: | (None, 16055, 1)
SimpleRNN | output: (None, 256)

dense_9 | input: | (None, 256)
Dense | output: (None, 1)

Fig.7 Visualisation of modified DNN model used for multi-class
classification post SMOTE prior to feature selection

Table 1 Class-wise distribution of combined dataset

The three methods were chosen for their performance on
gene expression datasets in other works. mRMR has been
shown to be successful in selecting features and hence was
chosen for all three pipelines. In order to identify which
combination performs best, the other methods chosen varied.

3.4 Deep learning models for classifying cancer
stages

Finally, the choice of deep learning model was also made
experimentally. Most previous works used machine learning
methods, and only a handful used deep learning algorithms.
Therefore, combinations of feature selection and deep learn-
ing methods were executed to find the optimal combination.
The deep architectures selected were deep neural network, con-
volutional neural network, deep neural network with dropout,
recurrent neural network, and AutoKeras generated model.
DNN and dropout were chosen specifically since there was
a possibility of the model overfitting the dataset due to class
imbalance. AutoKeras is a tool that identifies the optimal model
architecture for a given dataset. Since it aligned with the objec-
tive to find the best deep learning model [11], AutoKeras was
used to identify other possible architectures that may perform

Stage TCGA METABRIC Combined
well. The deep learning classification models used were con-
Stage 1 123 355 478 structed using the Tensorflow framework [1].
Stage 2 419 640 1059
Stage 3 147 90 237
Stage 4 13 6 19 3.4.1 Deep neural network
Total 702 1091 1793
The deep neural network model used consisted of three
dense layers, with the activation function ReLU (Fig. 4).
Table 2 Combined dataset description
TCGA METABRIC Combined 3.4.2 Convolutional neural network
No. of records 702 1091 1793 The convolutional neural network model used consisted of
No. of features 54,874 24,368 16,057 a 1D convolution layer, Max pooling operation followed
by flattening the input (Fig. 5).
Features Selected by Pipeline 1
RUNX1 TH NKX6-1 LINC01164 TRDN GALNTLS PCPAL1 SH3PXD2A
SHMT2 RBMY2FP NLRP2 RSRP1 OR4C11 ZNF385B RGS13 AMY2A
ZNF684 TDRD5 GHRH CKMT1B RFPLL CD59 SLC22A6 ATXN3L
BDNF ZPBP2 TEX138B FGF5 CYP2D6 AIP HS6ST3 TUBA3D
BHMT PAQRY OR1D5 XG LCE3C LINC00266-1 MS4A14 F13B
ARNT2 FAM189A1 GPC5 KCNQ1DN €0Q9 OTUD6A ciac AJAP1
UBTFL1 RTP2 P2RY4 C220RF42 TAT CsT1 C170RF64 LRRC30
GSR CPT1A KRTAP6-2 ADRA1B TTLL8 PDZD3 DCAF8L2 EPHX1
ADAMTS8 FAM71F2 MLC1 IGFL4 OR4F17 AGXT DLX2 GJB7
OR11L1 TUBA3E DEFB122 GRINA PLGLA RBFOX3 RBP2 MAPKS
IL128B MC4R SLC6A4 PARP3 GRIN2A RHAG PRPH GABRA3

Fig.8 List of 88 features extracted by Pipeline 1 (mRMR and CFS)
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Features Selected by Pipeline 2
AURKA KY
ISL2 IGFL4
GRIN2A LINC00266-1
PTPRT RBFOX3
DEFB122 TP53TG3
FAM71F2 LRRC30
GHRH TMSB4Y
AMY2A UBE2S
SPACASB LINCO1168

Fig.9 List of 18 features extracted by Pipeline 2 (mRMR, mutual
information, and CFS)

3.4.3 Modified DNN — DNN + dropout model
This model is a modified version of the DNN discussed pre-

viously, with each dense layer followed by a dropout layer.
Below is the plot of the modified DNN model (Fig. 6).

3.4.4 Recurrent neural network

This model made use of the simple RNN layer, a fully con-
nected RNN where the output is to be fed back to input (Fig. 7).

3.4.5 AutoKeras

AutoKeras [19] is a publicly available library designed
to facilitate automated machine learning (AutoML) pro-
cesses specifically tailored for deep learning models. It

Table 3 Training set distribution — class balancing techniques

Stage Pre SMOTE Post SMOTE Post
SMOTE +random
undersampling

Stage 1 371 812 384

Stage 2 812 812 384

Stage 3 182 812 384

Stage 4 14 812 128

Total 1379 3248 1280

leverages Keras models, implemented through the Ten-
sorFlow tf keras API, to conduct the search.

3.5 Dataset

Gene expression data for invasive ductal carcinoma was
extracted from 2 publicly available sources, TCGA (RNA-
Seq) and METABRIC (microarray) (Tables 1 and 2).

4 Results
4.1 Performance analysis metrics

The following metrics were used to evaluate the perfor-
mance of the models on the given multi-class classification
and binary classification problems.

For the multi-class classification problem, accuracy meas-
ure and Cohen Kappa score [34] were used. For binary clas-
sification, accuracy, sensitivity, specificity, Matthew correla-
tion-coefficient, and area under the ROC curve were used.

4.2 Feature selection

Post feature selection using Pipelines 1, 2, and 3, the rel-
evant features were extracted and are given in Figs. 8, 9,
and 10, respectively.

Features Selected by Pipeline 3
SPRR4 OoIT3 CIDEC CXCL14 ZNF684 SPON1 ANKRD12 PLGLA TOMM20L
P2RX3 MGAT4C IFI44L TMEMS95 KIF20A STAT1 FHOD3 CPD B3GNT6
IL12B AGXT UBE2C COL16A1 EIF4EBP1 MACF1 TM2D3 ANKRD30BP2 c1Qc
GSR SELP OSR2 NOX5 WASF2 FOLH1 MLC1 SFRP2 LOXL1
FCER1A PTH2 PKMYT1 MRPS28 PTPRT GRP COLEC11 MX1
SOX1 MS4A14 FBX040 B3GNT4 CLDN11 RBP2 TRIM13 S100PBP
SLC4AS FAM81B SLC7AS TSC1 ANKRD10 ZSWIM2 MFAP4 XG
PLIN4 LINC02370 CLIC6 KIR3DL3 TALDO1 WTIP RPS9 INSM2
SLC1A1 ACSL6 FABP4 MAGEA11 OXT TPX2 GLIS3 NEU2
FGF5 TUBA3D KIAA1217 STARD3 TXN2 SIK3 FMNL3 CLTCL1
CXORF49 KCNA2 LRP2 uTS2 FLT3 CCL19 RACGAP1 CEACAM3
TUBA3C APEX2 VAMP1 SLC24A5 CNDP1 QPCTL DDX27 UFM1

Fig. 10 List of 100 features extracted by Pipeline 3 (mRMR and SVM-RFE)
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Table 4 Multiclass classification performance of models pre feature selection post SMOTE

SMOTE - Pre- Feature Selection (16055 features)
DNN CNN DNN+Dropout AutoKeras
Train
Accuracy 0.990 0.903 0.852
Test
Accuracy 0.514 0.476 0.536 0.558
CKS 0.190 0.238 0.229 0.174
Predicted Label Predicted Label Predicted Label Predicted Label
1 [2]3]4 1 [2]3]4 1 2 ]3] 4 1 [2]3]4
Confusion ||z [ 130 [73 [ 4 [ 0 ||= |1 294 [0 ||z [1)47 56| 4| 0 ||z | 1]36]|69 0
X 2 2 2 2
Matrix |5 [2]45 27] 2 [|5 |2 18] 0 |5 [2]62 18| 1[5 [2]s0 (88l 8 | o
s(312)43|10[0|f(2(3)15]32|8 [0]fs[3]7[39][9]0][s]3]8([41]6]0
“lafafalolofiT a3l fof|" [4f2]1f2]of|T[4]o][5][0]0

Table 5 Multiclass classification performance of models pre feature selection post SMOTE and random undersampling

SMOTE & Random Undersampling - Pre- Feature Selection (16055 features)
DNN CNN DNN+Dropout AutoKeras
Train
Accuracy 0.981 0.981 0.919
A Test 0.430 0.464 0.442 0.493
ccuracy
CKS 0.139 0.241 0.165 0.223
Predicted Label Predicted Label Predicted Label Predicted Label
1 [2(3]4 1 [2]3]4 1 [2[3]4 112]3]4
Confusion|[ [ 11523322 ]| 0 ||-[1]65(32]10) 0 |5 | 1]56(38[13] 0 |- |1]55|36[16] 0
Matrix || 5|2 |8 483 |52 38| 1]|15[2 36| 0 ||5[2]68 45| 1
S(3]11(29[14] 1 ||l2[3]10(f31]|14]|0[|2(3]12[29[14]| 0 ||2[3]9 |31[15]0
=14 tl2fo|T[4l2la 20" Jal2f2]1]o]|"[4]2]0]2]1
Table 6 Multiclass classification performance of models post feature selection using Pipeline 1 post SMOTE
SMOTE - Pipeline 1 - mRMR + CFS (88 features)
DNN CNN DNN+Dropout RNN Auto Keras
A Tain 0.947 0.934 0.927 0.948
ccuracy
A Test 0.556 0.488 0.556 0.514 0367
ccuracy
CKS 0.271 0.243 0.268 0.190 0.275
Predicted Label _||[ Predicted Label _||f Predicted Label Predicted Label [ Predicted Label
1[2]3]4 1234 1[2]3]4 12374 234
Confusion ||z [ 1 ]55[46 ]| 6 | 0 ||| 1]46|55]| 4 | 2 ||5[1]48]56|3 |0 ||5|[1|56]42]8 |1 ||l 3
Matrix |5 [2]61 19]0][5[2]7 35| 3 |15 [2]56 17/0||5[2]73 2|2 [35[2 9
S35 (428 [0]|28]|3]10]26]|18] 1 S13]6 (418 |0[8]|3]13|34]7]|1/[28]|3 3
FlalolsTolol|l"[alolsl2 o|T]4lolalalol]"[altl2]2]o]"[4]lo]4]1]0

4.3 Class balancing

To counter the issue of class imbalance as described in the pre-
vious section, two class balancing techniques were explored —
SMOTE [15] and SMOTE followed by random undersampling,
which were applied on the training set. The dataset was split

into training and test sets in an 80:20 split (Table 3).

4.4 Deep learning classification models

The deep learning models being considered, as used by the
authors of [2], are deep neural network (DNN), convolu-
tional neural network (CNN), modified DNN: DNN + drop-
out, RNN, and Auto-Keras.
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Table 7 Multiclass classification performance of models post feature selection using Pipeline 1 post SMOTE and random undersampling

SMOTE + Random Undersampling > Pipeline 1 - mRMR + CFS (88 features)
DNN CNN DNN+Dropout RNN Auto Keras
Train
PRy 0.926 0.937 0.945 0.943
Test
Absnvioy 0.502 0.437 0.483 0.428 0.493
CKS 0.262 0.290 0.284 0.143 0.311
Predicted Label || [ Predicted Label || Predicted Label Predicted Label Predicted Label
1234 1234 1[2]3]4 1234 1[2]3]4
Confusion || [ 152133 22| 0 3 1 32110 0 fl|= | 1)56[38 13| 0 |5 [1]36]69[2 |0~ [1]36[69]2]0
Matrix § 2 48 | 3 ||[s[2 38| 1 % 2 36| 0 é 2150 810 f§ 2|50 8 [0
s3] 20141 |[g([3]10[31]14]o]lg[3]12]20]14]0ls[3]8[41]6[0g[3]841]6]0
Flalz a2 {o [T lal2 a2 oflT]4l 221 {o]|"]4lols oo [4lols5]0o]0
Table 8 Multiclass classification performance of model post feature selection using Pipeline 2 post SMOTE
SMOTE - Pipeline 2 - mRMR, Mutual Information + CFS (18 features)
DNN CNN DNN+Dropout RNN AutoKeras
g 0.930 0.719 0.717 0.950
ccuracy
Test
A 0.461 0.418 0.517 0.437 0.304
ccuracy
CKS 0.148 0.215 0.218 0.144 0.157
Predicted Label Predicted Label Predicted Label Predicted Label ] Predicted Label
11234 1234 1[2]3]4 1[2]3]4 1[(2]3]4
Confusion 3 1139160 7 | 1 || [ 1149 [40 16‘_ 2 3 1146 |58 |3 | 0 3 11391617 |0 3 1 21 |181 9
Matrix || [2]65 37|65 [2 156 | 12 |5 [ 2] 60 28| 1|3 [2]67 38|95 (2
21319133 |13|0](2(3]7[23]|20]5][8(3]8[37|10[0)8(3]9136[9|1}2(3]15[13]|13]|14
Flala 2ol el a3l o lof"[alalalololl"[4]l2l2]t ol"[a]1[3]0]1

Table 9 Multiclass classification performance of model post feature selection using Pipeline 2 post SMOTE and random undersampling

SMOTE + Random Undersampling - Pipeline 2 — mRMR, Mutual Information + CFS (18 features)
DNN CNN DNN-+Dropout RNN AutoKeras
Train
Accuracy 0.934 0.643 0.775 0.963
Test
A 0.367 0.345 0.425 0.396 0.403
ccuracy
CKS 0.119 0.195 0.206 0.120 0.225
I Predicted Label l Predicted Label Predicted Label Predicted Label Predicted Label
1234 1234 1234
Confusion|| 5 < = |1 15213817 0 |- [ 15038 [18 [ 1 |- |1|48[36[23]0
Matrix § § '_§ 2 0 '__§, 2 5 E 2 0
3 3 g{3]u1 2420 0 g[3]16]19]20]0]2[3]6][20]29]0
- - FlalaTlalalo " (4221 Toll" 4l [3]1T0
Table 10 Multiclass classification performance of model post feature selection using Pipeline 3 post SMOTE
SMOTE - Pipeline 3 - mRMR + SVM-RFE (100 features)
DNN CNN DNN+Dropout RNN AutoKeras
g 0.946 0.890 0.920 0.906
ccuracy
Test
A 0.553 0.517 0.551 0.437 0.553
ccuracy
CKS 0.277 0.248 0.290 0.133 0.076
Predicted Label Predicted Label Predicted Label Predicted Label Predicted Label
112]3]4 112]3]4 112]3]4 1123 |4 112]3]4
Confusion 3 1153148 |5 | 1 || [1]43[51[13[0 3 1 |E3998598 9 | 0 3 1143147 13| 4 3 1133157 (10| 7
Matrix || 5 [2 [71 17] 0 ||5 2] 58 |8l 38 | o || 5 [2]52 301 [|5]2 44| 5 || 5 [2 |26 180 10 [20
2131 9130[16]0][28[3]7129|19]0][8[3]51]26|24]0]2(3]926[19]1}8[3]51]43[5]2
Clala o o o lTfalo 3T [T falal2la a5 [a]22]t o]l [4]o]5T0]0
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4.5 Results and inferences
4.5.1 Performance prior to feature selection

Prior to the application of feature selection, the results of
the models applied on the dataset with 16,055 features,
post SMOTE and post SMOTE, and random undersam-
pling are described as in Tables 4 and 5.

It can be seen that there is not a significant difference

in performance between the two class balancing methods
chosen.

The accuracy across the models is in the range of
40-55%, with the AutoKeras generated model exhibiting
highest accuracy post SMOTE and post SMOTE and ran-
dom undersampling. The highest CKS is shown by the CNN
model in both class balancing techniques, with the accuracy
being comparable to the highest as well.

4.5.2 Feature selection using Pipeline 1 (mRMR and CFS)

The top 500 features were selected based on the mRMR
technique, which was further reduced to 88 features through

Table 11 Multiclass classification performance of model post feature selection using Pipeline 3 post SMOTE and random undersampling

SMOTE + Random Undersampling - Pipeline 3 — mRMR + SVM-RFE (100 features)
DNN CNN DNN+Dropout RNN AutoKeras
Train
Accuracy 0.938 0.852 0.885 0.845
Test
A 0.531 0.473 0.524 0.406 0.519
ccuracy
CKS 0.303 0.178 0.269 0.105 0.176
Predicted Label Predicted Label Predicted Label Predicted Label Predicted Label
1234 1234 1234 1234 1234
Confusion 3 158138 [10] 1 ||z [1]54([36]17( 0 3 115244 |11 | 0 ||l [1]44[45]17 [ 1 3 1{15]162(30]| 0
Matrix || [2]66 45 0|52 4] 0|8 2]56 471 ][5 [2 393 ]8[2]7 75 1
g(3]1020[25 o f|s[3]1s 1921|037 26220 g[3]14]26[14]1]is[3]2]17[36]0
Clala o a1t falalsTalo"[altlalolol"[alal2l2]o]"[4lolal1]0
Table 12 Binary classification performance of model post feature selection using Pipeline 1 post SMOTE
Binary Classification: SMOTE > Pipeline 1 - mRMR + CFS (91 features)
DNN CNN DNN+Dropout RNN AutoKeras
AT“‘“‘ 0.967 0.923 0.942 0.907
ccuracy
Test
A 0.809 0.761 0.795 0.742 0.684
ccuracy
CKS 0.275 0.223 0.259 0.132 0.196
Predicted Label Predicted Label Predicted Label Predicted Label Predicted Label
Early Early Earl Early Earl
Confusion|| 3 3 3z 5 3
Matrix % § -§ § ' E
[} [} 3 ] 3
¢ ¢ 2 E E

Table 13 Binary classification performance of model post feature selection using Pipeline 1 post SMOTE and random undersampling

Binary Classification: SMOTE + Random Undersampling - Pipeline 1 - mRMR + CFS (91 features)
DNN CNN DNN-+Dropout RNN AutoKeras
Arrain 0.928 0.919 0.958 0.928
ccuracy
Test
A 0.775 0.756 0.780 0.790 0.734
ccuracy
CKS 0.245 0.249 0.253 0.158 0.257
Predicted Label Predicted Label Predicted Label Predicted Label Predicted Label
Early | Late Early | Late Early | Late
Confusion|| 3 o] 3 = <
Matrix 3 o 3 w -f_%l E e §
) Q o () Qo
& 28 || Lae| 28 | 32 [|E |Lae| 32 | 28 |[& 37 || &
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Table 14 Binary classification performance of model post feature selection using Pipeline 3 post SMOTE

Binary Classification: SMOTE -> Pipeline 3 — mRMR + SVM-RFE (78 features)
DNN CNN DNN+Dropout RNN AutoKeras
Train
Accuracy 0.938 0.905 0.951 0.869
oty 0.773 0.795 0.809 0.727 0.761
ccuracy
CKS 0.258 0.259 0.235 0.093 0.240
Predicted Label Predicted Label [ Predicted Label Predicted Label Predicted Label
Early Early Early | Late Earl Late
Confusion|| 5 5 5 = =
Matrix E § § '§ 69 §
] Q Qo [} o
& E & & 30 ||&

Table 15 Binary classification performance of models post feature selection using Pipeline 3 post SMOTE and random undersampling

Binary Classification: SMOTE + Random Undersampling - Pipeline 3 — mRMR + SVM-RFE (78 features)
DNN CNN DNN+Dropout RNN AutoKeras
Train
Accuracy 0.930 0.909 0.940 0.932
A Test 0.814 0.812 0.810 0.744 0.773
ccuracy
CKS 0.265 0.270 0.280 0.046 0.185
Predicted Label Predicted Label Predicted Label Predicted Label Predicted Label
Early Early Earl Early Earl
Confusion|| 5 B T 5 3
Matrix 3 ﬁ 3 -_83 §
& & = & &

CFS. This is an 82.4% reduction in the number of features.
In Tables 6 and 7, the results of the classification of each
model using the two class balancing techniques post the
application of feature selection using Pipeline 1 have been
tabulated.

Here again, there is no significant difference in performance
between the two class balancing methods chosen. There is a
marked improvement in CKS scores across the models post
feature selection. The accuracy remains in the same range.
Therefore, it can be understood that feature selection does play
a key role in the decision boundaries between the classes in
this multi-class classification problem. The highest accuracy is
shown by the DNN model in both class balancing techniques,
and the highest CKS is shown by the AutoKeras model in the
case of SMOTE, and the CNN model in the case of SMOTE
and random undersampling.

4.5.3 Feature selection using Pipeline 2 (mRMR, MI,
and CFS)

The top 500 features were selected using the mRMR and mutual
information methods each. The intersection of these top features
was found, which was a subset of 41 features. CFS was applied
on this subset, which yielded 18 features. This is a reduction of

@ Springer

96.4% in the number of features. Tables 8 and 9 show the tabula-
tion of the results of the classification of each model using the
two class balancing techniques post the application of feature
selection using Pipeline 2.

Yet again, there is no significant difference between the
performance of the two class balancing methods; though
accuracy wise, only SMOTE performs marginally better.

The overall performance based on CKS is worse than that
of Pipeline 1. This can be attributed to the possibility that
too few features were retained, which influenced the clas-
sification decision boundaries leading to poor classification
performance.

Pipelines 1 and 2 relied on a combination of filter meth-
ods to construct a hybrid feature selection model. In the next
pipeline, a wrapper method, SVM-RFE was implemented
and its performance evaluated.

4.5.4 Feature selection using Pipeline 3 (mMRMR
and SVM-RFE)

In this pipeline, the top 500 features were identified using
mRMR. Recursive feature elimination (RFE) was applied on
this subset, retaining the top 100 features. Tables 10 and 11
show the performance of the models in classification post
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Fig. 11 Plot of PCA on the Principal Component Analysis
original dataset Stages
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PC1
the application of class balancing and feature selection using Importantly, while the other pipelines failed to correctly
Pipeline 3. classify the stage 4 samples, Pipeline 3 was able to clas-

There is an increase in the accuracy across the models sify a Stage 4 sample correctly, in the DNN, CNN, and
as compared to Pipeline 2, with DNN with SMOTE and = DNN + Dropout models as seen in the confusion matrices
random undersampling performing marginally better than  in Table 10.
the other models.

ITI?(?;Z;:I)Oifiizrtrl?rin:;;fﬁon Independent Test Set Results (GEO)
using Pipelines 1 and 3 on the Pipeline 1: MRMR + CFS (68 features)
external dataset Model ACC SEN SPC MCC | auROC
DNN 0.464 0.789 0.297 0.093 0.543
CNN 0.661 0.000 1.000 0.000 0.500
DNN + Dropout 0.661 0.000 1.000 0.000 0.500
RNN 0.661 0.000 1.000 0.000 0.500
AK 0.339 1.000 0.000 0.000 0.500
Pipeline 3: MRMR + RFE (78 features)
Model ACC SEN SPC MCC auROC
DNN 0.375 0.947 0.081 0.052 0.514
CNN 0.643 0.000 0.973 -0.097 0.486
DNN + Dropout 0.446 0.789 0.270 0.065 0.530
RNN 0.661 0.000 1.000 0.000 0.500
AK 0.339 1.000 0.000 0.000 0.500
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Table 17 Performance of
existing machine learning Independent Test Set Results (GEO)
models on the external dataset Methods in [23] (20 features)
from (271 Model ACC SEN SPC MCC | auROC
RF 0.670 0.680 0.500 0.070 0.470
DT 0.540 0.640 0.230 —0.110 0.440
NB 0.700 0.690 1.000 0.270 0.600
LR 0.630 0.680 0.370 0.040 0.530
SVM 0.670 0.670 0.000 0.000 0.570
4.5.5 Inference from multiclass classification results Table 18 Comparison of macro-average AUC values
. . SMOTE + Random Undersampling
The results of the multiclass classification from Tables 4, Pieli
. ipeline Model AUC
5,6,7,8,9,10 and 11 were based on the test set which DNN 0553
is a 20% split of the combined TCGA and METABRIC e -
data. The best overall results are seen from the DNN Pipeline 1 D " 858t
Model in Pipeline 3, with a CKS of 0.303 and an accu- MRMR -> CFS e Kmpou e
racy of 53.1%. Pipeline 3 DNN, CNN, and DNN + Drop- “;N;ms 0612
out models were able to classify a Stage 4 sample cor- Os0d
rectly. Additionally, SMOTE along with undersampling DNN 0.465
did not improve the models as expected, with most Pipeline 2 ChN 0511
results being within the same range as models that used MRMCI}’SMI» DHN +Dropont 0.536
only SMOTE. AutoKeras 0.536
RNN 0.487
4.5.6 Binary classification DNN 0.623
Pipeline 3 CNN 0.678
The above results evaluated the classification of the MBRLI?E{Q DNN + Dropout 0.641
samples into 4 classes. Stages 1 and 2 can be com- AutoKeras 0.482
bined into a single early stage, and stages 3 and 4 into RNN 0.618

late stage, and this can be approached as a binary clas-
sification problem. The results of the same, post fea-
ture selection using Pipelines 1 and 3, are as follows in
Tables 12, 13, 14 and 15.

The accuracy scores for binary classification are found
to be significantly higher for all the models than the cor-
responding scores for multiclass classification. Across
the models, it can be seen that the classification of early
stage (stages 1 and 2) is quite good, but late-stage classi-
fication performance is poor. As in the multiclass results,
mRMR followed by SVM-RFE seems to have performed
best. The DNN, CNN, and DNN + dropout models in this
Pipeline 3 with SMOTE and random undersampling all
showed very similar performance. While DNN showed
the best test accuracy, the DNN + dropout model obtained
the best CKS of 0.280 and accuracy of 81%.

While all 3 models are able to classify early stage samples
correctly, DNN + dropout was able to classify the most late
stage samples correctly, which has been a major pain point
across the analysis.

@ Springer

We can conclude that DNN 4+ dropout in Pipeline 3 had the
best overall performance, as it is able to strike the best balance
of correct predictions for both late stage and early stage samples.

4.5.7 Inferences

Analysing the results from Tables 4, 5, 6, 7, 8, 9, 10, 11
12, 13, 14 and 15, it is evident that feature selection has
improved the performance of the classification system.
Additionally, Pipeline 3 (mRMR followed by SVM-RFE)
performed best of the 3 feature selection pipelines for both
multiclass and binary classification. Overall, it can be seen
that the models were able to classify stages 1 and 2 better
than the later stages.

All the models were able to distinguish between stages
1 and 4 well. However, most were unable to correctly clas-
sify stage 4 samples. This could be attributed to the unclear
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DNN ROC curve

DNN + Dropout ROC curve
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Fig. 12 ROC curves for each model post feature selection using Pipeline 1

decision boundaries between classes. This inference is sup-
ported by Fig. 11. Due to the high dimensionality inher-
ent in our dataset, the visualisation of decision boundaries
between classes is difficult. Hence, the authors have cho-
sen to employ principal component analysis (PCA) as a

means to facilitate visualisation. By examining the spatial
arrangement of the projected data points, valuable insights
into the separability of distinct classes can be obtained.
Figure 11 is a graphical representation of the PCA conducted
on the original dataset. As evident from the plot, the classes
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DNN RCC curve
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Fig. 13 ROC curves for each model post feature sel

demonstrate overlapping regions in the reduced-dimensional
space. This observation suggests that accurately defining the
decision boundaries between these classes poses a greater chal-
lenge. Owing to the unclear decision boundaries, it was possible
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ection using Pipeline 2

DNN + Dropout ROC curve
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for all models to differentiate between stages 1 and 4, but the
majority struggled to correctly classify stage 4 samples.

The high training accuracy of the models alludes to
possible over-fitting.



Medical & Biological Engineering & Computing (2023) 61:2895-2919

2911

DNN ROC curve

DNN_D ROC curve
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Fig. 14 ROC curves for each model post feature selection using Pipeline 3
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Fig. 15 Test set ROC curve from [8]
Table 19 Negr(?blastorna Neuroblastoma
dataset description
Stage Number
of sam-
ples
Stage 1 50
Stage 2 36
Stage 3 43
Stage 4 124
Stage 4S 27
Total 280

In the binary classification system, the accuracy is much

higher than in the multiclass problem, with it being able
to classify early stage samples well. However, late stage

classification can be improved.

4.6 Comparison with existing research work

4.6.1 Binary classification for invasive ductal carcinoma
cancer from GEO database

In the work done by the authors of [7], an external test set
consisting of a microarray dataset, obtained from GEO
with accession ID GSE61304 containing 56 samples of
IDC, was used. The results of the models described earlier
on this test set are mentioned in Tables 16 and 17.

The metrics used are accuracy, sensitivity, specificity,
Mathew’s correlation coefficient (MCC), and area under
the ROC curve [12, 13].

The model with the best performance in [27] was a
Naive Bayes model that attained highest MCC of 0.27.
While the deep learning models evaluated here do not
perform as well as Naive Bayes, they perform just as well
if not better than the other machine learning methods in
[27]. Refinements in the feature selection process and
the construction of the deep learning models may make
them surpass the performance of their machine learning
counterparts.

4.6.2 Multiclass classification on neuroblastoma cancer
data from GEO database

Comparison of AUC scores on IDC dataset with relevant
research in literature The area under the ROC curve metric
was calculated for multi-class classification, as used by the
authors in [23]. Specifically, the macro-average AUC and
One-versus-Rest (OVR) AUC values were computed, and
have been compiled as in Table 21. The CNN used with

Table 20 Performance of model post feature selection using Pipeline 3 on the neuroblastoma dataset post SMOTE

Multiclass Classification on Neuroblastoma Cancer Data
SMOTE - Pipeline 3 — mRMR + SVM-RFE (100 features)
DNN CNN DNN+Dropout RNN
Train Accuracy 1.000 0.998 0.951 0918
Test Accuracy 0.643 0.629 0.614 0.414
CKS 0.600 0.503 0.431 0.234
Macro-average
auROC 0.800 0.872 0.867 0.616
117 5 2 3 o0 1{10 2 1 0 1{8 3 3 3 o 117 4 4 2 o
_2{0 6 2 0 2||_2{0 6 2 0 2|/ _2{0 5 1 1 3||/_2{1 1 0 2 6
3 3
Confusion 5300440530035053005305301070
Matrix "40010 F41010 ’=41110 "41221
4s{0 1 4 1 2 {2 0 2 4 o0 s{1 2 2 2 1 413 2 0 3 o0
1 2 3 4 4s 1 2 3 4 4s 1 2 3 4 4s 1 2 3 4 4s
Predicted label Predicted label Predicted label Predicted label
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Table 21 Performance of models post feature selection using Pipeline 3 on the neuroblastoma dataset post SMOTE and random undersampling

Multiclass Classification on Neuroblastoma Cancer Data
SMOTE + Random Undersampling - Pipeline 3 — mRMR + SVM-RFE (100 features)
DNN CNN DNN+Dropout RNN
Train Accuracy 0.997 0.995 0.822 0.482
Test Accuracy 0.500 0.643 0.586 0.371
CKS 0.278 0.563 0.475 0.120
Macro-average
OT 0.776 0.840 0.822 0.482
113 BEH 2 [WEW o 1{100 2 2 0 1y 1 1 4 o 1{ 2 2 [EEENSN 1
_ 2{NHal 0 1 2 _ 2{ o HEH 1 2 _ 220202 o ANl 2F2B2E 1 RS
2 2 2 2
Confusion 5300440 53003 0 53012505300350
. 2 2 2 2
Matrix "42100 "41010 "43100 "41241
{1 BEE 1 BBl o {1 0 3 1 {0 2 1 2 3 {1 1 3 3 0
1 2 3 4 4 1 2 3 a4 4 1 2 3 4 4 1 2 3 a4 4
Predicted label Predicted label Predicted label Predicted label

the third feature selection pipeline had the highest macro-
average AUC of 0.678 (Table 18).

The ROC curves for each classification model for feature
selection using Pipeline 1 are depicted in Fig. 12.

The ROC curves for each classification model for feature
selection using Pipeline 2 are depicted in Fig. 13.

The ROC curves for each classification model for feature
selection using Pipeline 3 are depicted in Fig. 14.

The ROC curves obtained by the authors of [23] on neu-
roblastoma cancer [26] using a DNN is shown in Fig. 15.

The model proposed by the authors of [23] had a margin-
ally higher macro-average AUC of 0.71. The higher value
is most likely due to the characteristics of the cancer (neu-
roblastoma) as well as not suffering from the problem of
severe class imbalance. This is evident in the one-vs-rest
AUC values as well with stage 4 having the highest value
of 0.85, and is also represented most in the dataset with 124
samples out of 280 total.

However, the values obtained by [23] are comparable to
the ones seen in Fig. 9 with the RNN stage 4 one-vs-rest
AUC being 0.79, and the other values being in the similar
ranges.

Comparing classification performance of hybrid feature
selection pipeline on neuroblastoma dataset In addition to
comparing the AUC values obtained by the models on the
IDC dataset, a feature selection pipeline was also imple-
mented on the neuroblastoma dataset used by the authors
in [23] (original data provided by [26], GEO accession
GSEB85047) (Table 19). Pipeline 3 was selected for this pur-
pose since it had been performing the best as seen in earlier
sections (Table 20).

The results obtained from implementing Pipeline 3 on the
neuroblastoma data show good classification performance
(Table 21). The CNN model obtained the highest overall macro-
average AUC of 0.872 when class balancing using SMOTE was
performed. In the same pipeline, DNN model showed slightly
higher accuracy (0.643) and CKS (0.600), and a macro-average
AUC score of 0.8. While using SMOTE +random undersam-
pling, CNN performed the best with a macro-average AUC of
0.840. The ROC curves for each classification model for feature
selection using Pipeline 3 post SMOTE and SMOTE +random
undersampling are depicted in Figs. 16 and 17, respectively.

The macro-average values of 0.872 and 0.840 are signifi-
cantly higher than the values obtained by the authors of [23],
who obtained a macro-average score of 0.71, as mentioned
in Fig. 15. This is an improvement of 22.81%. Looking more
closely at the class-wise one-vs-rest AUC values, pipeline 3
again outperforms with the highest value of 0.95 for stage 2 in
CNN with SMOTE. The same CNN classification model also
achieved higher stage 4 one-vs-rest AUC of 0.91 compared to
the authors’ 0.85, shown in Fig. 15.

It can be concluded that the class-balancing and feature
selection pipelines described in this work significantly
improve the multi-class classification performance of can-
cer staging.

5 Discussion

In order to perform the multi-class classification of inva-
sive ductal carcinoma cancer into stages 1, 2, 3, and 4,
class balancing methods, feature selection techniques, and
deep learning methods were explored. In the past litera-
ture survey, multiple problems were identified. Firstly, the
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Fig. 16 ROC curves for each model post feature selection using Pipeline 3 post SMOTE on the neuroblastoma dataset

issue of small size of datasets was encountered, to counter
which data from two different datasets were combined,
and normalised and pre-processed the data accordingly.
Additional samples were not the only benefit of combin-
ing the TCGA and METABRIC [6] datasets. Since they

@ Springer

are 2 different types of gene expression data (RNA-Seq
and microarray respectively), our model can be used on
test samples for either type. This is extremely important
since most of the earlier studies would have used micro-
array, but more recent studies would be using RNA-Seq
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Fig. 17 ROC curves for each model post feature selection using Pipeline 3 post SMOTE and random undersampling on the neuroblastoma data-

set
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as it continues to rise in popularity. To counter the class
imbalance of the dataset, SMOTE and SMOTE followed
by random undersampling were both implemented. It was
seen that there was no significant difference in the per-
formance of the two class balancing methods. Due to the
high-dimensional nature of the dataset, feature selection
was a key step. Three different pipelines of hybrid feature
selection techniques were used — mRMR followed by
CFS, mRMR, mutual information followed by CFS, and
mRMR followed by SVM-RFE. All 3 pipelines had a posi-
tive effect, improving performance compared to models
run on the full feature set. Additionally, class balancing
using SMOTE and random undersampling, and feature
selection using mRMR followed by SVM-RFE (Pipeline
3) performed the best for both multiclass classifications
using a deep neural network classification model (0.303
CKS, 53.1%ACC) and for binary classification using a
modified deep neural network classification model (0.280
CKS, 81.0% ACC).

On comparing with the existing work in [23], Pipeline 3
resulted in high classification performance on neuroblastoma
data. The CNN model obtained the highest overall macro-
average AUC of 0.872 when class balancing using SMOTE
was performed. It achieved higher stage 4 OVR AUC of
0.91 compared to the previous work which resulted in 0.85.
There was an improvement of 22.81% with respect to macro-
average AUC while comparing with results of previous work
in [23]. The DNN model showed slightly higher accuracy
(0.643) and CKS (0.600), and a macro-average AUC score
of 0.8.

6 Conclusion

The multi-class classification of stages of gene-expression
cancer data using deep learning was attempted. Three dif-
ferent pipelines of hybrid feature selection techniques along
with SMOTE were used which improved performance
compared to models run on the full feature set. mRMR fol-
lowed by SVM-RFE (Pipeline 3), and a deep neural network
classification model performed the best for both multiclass
classification (0.303 CKS, 53.1%ACC) and for binary clas-
sification (0.280 CKS, 81.0% ACC). The results and analysis
reveal that feature selection techniques play a vital role in
gene-expression data-based classification, and the proposed
hybrid feature selection pipeline improves classification
performance.

The limitation of this work was the lack of high accu-
racy obtained, particularly in the classification of stage
4. Most models based on medical data are highly sensi-
tive to the dataset, and this was no different. Due to the
nature of the dataset, the decision boundaries between the
classes were not very clear, resulting in poor multi-class

@ Springer

classification. As mentioned above, due to the nature of the
dataset, study reproducibility will be an issue. However,
the results show that there is scope for the same. Accu-
racy cannot be completely relied on, which is why Cohen-
Kappa score was used as a metric. Other metrics can be
looked at to better represent the results and performance of
the models. A closer look at the deep learning models and
hyperparameter tuning would be beneficial. Comparison
of the types of SMOTE such as G-SMOTE and M-SMOTE
can be performed. The feature selection techniques did not
take into account the biological significance of the genes.
This could be incorporated into the feature selection stage.

Author contribution Akash Kishore: literature survey, collected data
set, data preparation and implementation. Lokeswari Y Venkataramana:
evaluating the implementation, updating the manuscript, and reviewing
the work. D Venkata Vara Prasad: reviewed the paper, suggestions on
using different variations of dataset. Akshaya Mohan: literature survey,
implementation, writing the manuscript. Bhavya Jha: literature survey,
implementation, prepared figures and tables.

Data availability The dataset used in this research work is obtained
from METABRIC [6] and TCGA [31].

Declarations

Ethics approval This article does not contain any studies with human
participants or animals performed by any of the authors. All the authors
have agreed to publish this manuscript. The manuscript is not submit-
ted to any other journal or not under consideration of any journal.

Informed consent Informed consent is not necessary as this article
does not involve human or animal participants.

Competing interests The authors declare no competing interests.

References

1. Abadi M, Agarwal A, Barham P, Brevdo E, Chen Z, Citro C,
Zheng X (2015) TensorFlow: Large-scale machine learning on
heterogeneous systems. Retrieved July 31, 2023, from https://
www.tensorflow.org/

2. Ahmed O, Brifcani A (2019, April) Gene expression classifica-
tion based on deep learning. In 2019 4th Scientific International
Conference Najaf (SICN). IEEE, pp 145-149

3. American Cancer Society (2021, June 28) Stages of breast cancer:
Understand breast cancer staging. Retrieved October 25, 2021,
from https://www.cancer.org/cancer/breast-cancer/understanding-
a-breast-cancer-diagnosis/stages-of-breast-cancer.html

4. Barrett T, Wilhite SE, Ledoux P, Evangelista C, Kim IF, Toma-
shevsky M, Marshall KA, Phillippy KH, Sherman PM, Holko M,
Yefanov A, Lee H, Zhang N, Robertson CL, Serova N, Davis S,
Soboleva A (2013) NCBI GEO: archive for functional genomics
data sets—update. Nucleic Acids Res 41:D991-D995

5. Castillo D, Gélvez JM, Herrera L], Roman BS, Rojas F, Rojas I
(2017) Integration of RNA-Seq data with heterogeneous micro-
array data for breast cancer profiling. BMC Bioinformatics
18(1):506


https://www.tensorflow.org/
https://www.tensorflow.org/
https://www.cancer.org/cancer/breast-cancer/understanding-a-breast-cancer-diagnosis/stages-of-breast-cancer.html
https://www.cancer.org/cancer/breast-cancer/understanding-a-breast-cancer-diagnosis/stages-of-breast-cancer.html

Medical & Biological Engineering & Computing (2023) 61:2895-2919

2917

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

cBioPortal for Cancer Genomics (2016) Breast cancer (META-
BRIC, Nature 2012 & Nat Commune 2016). Retrieved May 25,
2022, from http://www.cbioportal.org/study/summary?id=brca/_
metabric

Daoud M, Mayo M (2019) A survey of neural network-based
cancer prediction models from microarray data. Artif Intell Med
97:204-214

Dertat A (2017, October 9) Applied deep learning — part 1: Arti-
ficial neural networks. Medium. Retrieved October 25, 2021, from
https://towardsdatascience.com/applied-deep-learning-part-1-artif
icial-neural-networks-d7834{67a4{6

Ding C, Peng H (2005) Minimum redundancy feature selection
from microarray gene expression data. J Bioinform Comput Biol
3(02):185-205

Fathi H, AlSalman H, Gumaei A, Manhrawy II, Hussien AG,
El-Kafrawy P (2021) An efficient cancer classification model
using microarray and high-dimensional data. Comput Intell
Neurosci 2021

Goodfellow I, Bengio Y, Courville A (2016) Deep learning.
Retrieved October 25, 2021, from https://www.deeplearningbook.
org

Google Developers (2020, Feb 11) Classification: Precision
and recall | Machine learning crash course. https://developers.
google.com/machine-learning/crash-course/classification/preci
sion-and-recall

Google Developers (n.d.) Classification: ROC curve and AUC.
Retrieved May 25, 2022, from https://developers.google.com/
machine-learning/crash-course/classification/roc-and-auc
Google (n.d.) Google Colab. Google Colaboratory. Retrieved May
25, 2022, from https://research.google.com/colaboratory/faq.html
Gosain A, Sardana S (2017) Handling class imbalance problem
using oversampling techniques: A review. 2017 International
Conference on Advances in Computing, Communications and
Informatics (ICACCI)

Griffith M, Walker J, Spies N, Ainscough B, Griffith O (2015)
Informatics for RNA sequencing: a Web resource for analysis on
the cloud. Plos Comput Biol 11(8):e1004393

Hambali MA, Oladele TO, Adewole KS (2020) Microarray cancer
feature selection: Review, challenges and research directions. Int
J Cogn Comput Eng 1:78-97

IBM Cloud Education (2020) What is deep learning? IBM.
Retrieved October 25, 2021, from https://www.ibm.com/cloud/
learn/deep-learning

Jin H, Chollet F, Song Q, Hu X (2023) AutoKeras: an AutoML
library for deep learning. J Mach Learn Res 6:1-6

Liang H, Zhou G, Lv L et al (2021) KRAS expression is a prog-
nostic indicator and associated with immune infiltration in breast
cancer. Breast Cancer 28:379-386. https://doi.org/10.1007/
$12282-020-01170-4

Lin Z, Ou-Yang L (2023) Inferring gene regulatory networks from
single-cell gene expression data via deep multi-view contrastive
learning. Brief Bioinforma 24(1):bbac586. https://doi.org/10.
1093/bib/bbac586

Mignone P, Pio G, D’Elia D, Ceci M (2020) Exploiting transfer
learning for the reconstruction of the human gene regulatory net-
work. Bioinformatics 36(5):1553-1561. https://doi.org/10.1093/
bioinformatics/btz781

Park A, Nam S (2019) Deep learning for stage prediction in neu-
roblastoma using gene expression data. Genom Inform 17(3)
Pedregosa F, Varoquaux G, Gramfort A, Michel V, Thirion B,
Grisel O, Duchesnay E (2011) Scikit-learn: Machine learning in
python. J Mach Learn Res 12:2825-2830

Pereira B, Chin SF, Rueda O et al (2016) The somatic muta-
tion profiles of 2,433 breast cancers refine their genomic and

26.

217.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

transcriptomic landscapes. Nat Commun 7:11479. https://doi.
org/10.1038/ncomms 11479

Rajbhandari P, Lopez G, Capdevila C, Salvatori B et al (2018May)
Cross-cohort analysis identifies a TEAD4-MYCN positive feed-
back loop as the core regulatory element of high-risk neuroblas-
toma. Cancer Discov 8(5):582-599

Roy S, Kumar R, Mittal V, Gupta D (2020) Classification mod-
els for invasive ductal carcinoma progression, based on gene
expression data-trained supervised machine learning. Sci Rep
10(1):1-15

Scitable by Nature Education (2014) Gene Expression Is Analyzed
by Tracking RNA. Retrieved May 25, 2022, from https://www.
nature.com/scitable/topicpage/gene-expression-is-analyzed-by-
tracking-rna-6525038/

Sun L, Kong X, Xu J, Zhai R, Zhang S (2019) A hybrid gene
selection method based on ReliefF and ant colony optimization
algorithm for tumor classification. Sci Rep 9(1):1-14

Suzuki E, Sugimoto M, Kawaguchi K et al (2019) Gene expres-
sion profile of peripheral blood mononuclear cells may contribute
to the identification and immunological classification of breast
cancer patients. Breast Cancer 26:282-289. https://doi.org/10.
1007/s12282-018-0920-2

The Cancer Genome Atlas Program (n.d.) National Cancer Insti-
tute. Retrieved May 25, 2022, from https://www.cancer.gov/about-
nci/organization/ccg/research/structural-genomics/tcga

UICC (2022) UICC and the TNM classification of malignant
tumours. UICC. Retrieved May 25, 2022, from https://www.uicc.
org/who-we-are/about-uicc/uicc-and-tnm-classification-malig
nant-tumours

Urbanowicz RJ, Meeker M, La Cava W, Olson RS, Moore JH
(2018) Relief-based feature selection: introduction and review. J
Biomed Inform 85:189-203

Viera AJ, Garrett JM (2005) Understanding interobserver agree-
ment: the kappa statistic. Fam Med 37(5):360-363

World Health Organization (2021) Breast cancer. World Health
Organization. Retrieved October 25, 2021, from https://www.who.
int/news-room/fact-sheets/detail/breast-cancer

Yao F, Zhang C, Du W, Liu C, Xu Y (2015) Identification of
gene-expression signatures and protein markers for breast cancer
grading and staging. Plos One 10(9):e0138213

Yuan F, Lu L, Zou Q (2020) Analysis of gene expression profiles
of lung cancer subtypes with machine learning algorithms. Bio-
chimica et Biophysica Acta (BBA)-Mol Basis Dis 1866(8):165822
Yang ZJ, Yu Y, Chi JR et al (2018) The combined pN stage and
breast cancer subtypes in breast cancer: a better discriminator of
outcome can be used to refine the 8th AJCC staging manual. Breast
Cancer 25:315-324. https://doi.org/10.1007/s12282-018-0833-0
Zhong L, Meng Q, Chen Y, Du L, Wu P (2021) A laminar aug-
mented cascading flexible neural forest model for classification of
cancer subtypes based on gene expression data. BMC Bioinfor-
matics 22(1):1-17. https://doi.org/10.1186/s12859-021-04391-2

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

Springer Nature or its licensor (e.g. a society or other partner) holds
exclusive rights to this article under a publishing agreement with the
author(s) or other rightsholder(s); author self-archiving of the accepted
manuscript version of this article is solely governed by the terms of
such publishing agreement and applicable law.

@ Springer


http://www.cbioportal.org/study/summary?id=brca/_metabric
http://www.cbioportal.org/study/summary?id=brca/_metabric
https://towardsdatascience.com/applied-deep-learning-part-1-artificial-neural-networks-d7834f67a4f6
https://towardsdatascience.com/applied-deep-learning-part-1-artificial-neural-networks-d7834f67a4f6
https://www.deeplearningbook.org
https://www.deeplearningbook.org
https://developers.google.com/machine-learning/crash-course/classification/precision-and-recall
https://developers.google.com/machine-learning/crash-course/classification/precision-and-recall
https://developers.google.com/machine-learning/crash-course/classification/precision-and-recall
https://developers.google.com/machine-learning/crash-course/classification/roc-and-auc
https://developers.google.com/machine-learning/crash-course/classification/roc-and-auc
https://research.google.com/colaboratory/faq.html
https://www.ibm.com/cloud/learn/deep-learning
https://www.ibm.com/cloud/learn/deep-learning
https://doi.org/10.1007/s12282-020-01170-4
https://doi.org/10.1007/s12282-020-01170-4
https://doi.org/10.1093/bib/bbac586
https://doi.org/10.1093/bib/bbac586
https://doi.org/10.1093/bioinformatics/btz781
https://doi.org/10.1093/bioinformatics/btz781
https://doi.org/10.1038/ncomms11479
https://doi.org/10.1038/ncomms11479
https://www.nature.com/scitable/topicpage/gene-expression-is-analyzed-by-tracking-rna-6525038/
https://www.nature.com/scitable/topicpage/gene-expression-is-analyzed-by-tracking-rna-6525038/
https://www.nature.com/scitable/topicpage/gene-expression-is-analyzed-by-tracking-rna-6525038/
https://doi.org/10.1007/s12282-018-0920-2
https://doi.org/10.1007/s12282-018-0920-2
https://www.cancer.gov/about-nci/organization/ccg/research/structural-genomics/tcga
https://www.cancer.gov/about-nci/organization/ccg/research/structural-genomics/tcga
https://www.uicc.org/who-we-are/about-uicc/uicc-and-tnm-classification-malignant-tumours
https://www.uicc.org/who-we-are/about-uicc/uicc-and-tnm-classification-malignant-tumours
https://www.uicc.org/who-we-are/about-uicc/uicc-and-tnm-classification-malignant-tumours
https://www.who.int/news-room/fact-sheets/detail/breast-cancer
https://www.who.int/news-room/fact-sheets/detail/breast-cancer
https://doi.org/10.1007/s12282-018-0833-0
https://doi.org/10.1186/s12859-021-04391-2

2918

Medical & Biological Engineering & Computing (2023) 61:2895-2919

bioinformatics and systems biology .

@ Springer

Akash Kishore completed his
undergraduate degree in Com-
puter Science and Engineering
from SSN College of Engineer-
ing, Chennai in 2022. His work
during a research internship at
the Indian Institute of Science,
Bengaluru, was published in an
international journal. He is cur-
rently pursuing his master’s
degree in Automated Science:
Biological Experimentation at
Carnegie Mellon University,
USA. Akash is interested in
research in the field of computa-
tional biology, specifically in

Lokeswari Venkataramana is an
associate professor in the
Department of Computer Sci-
ence and Engineering, SSN Col-
lege of Engineering, Chennai.
She has 2 years of industrial
experience at Cognizant Tech-
nology Solutions Pvt. Ltd. Her
area of interest includes parallel
data mining for massive data,
databases, distributed systems,
computational biology, and
cloud computing .

D.Venkata Vara Prasad is a pro-
fessor in the Department of
Computer Science and Engineer-
ing, SSN College of Engineer-
ing, Chennai. He has 20 years of
teaching and research experi-
ence. His PhD work is on “Chip
area minimization using inter-
connect length optimization.”
His area of research is computer
architecture and GPU comput-
ing. He is a member of IEEE and
also a life member of CSI and
ISTE. He is a principal investiga-
tor for SSN-nVIDIA GPU Edu-
cation/Research Center .

Akshaya Mohan completed her
undergraduate degree in Com-
puter Science and Engineering
from SSN College of Engineer-
ing, Chennai, in 2022. She is
presently pursuing her master’s
degree in Computer Science at
the University of Massachusetts,
Ambherst, USA. Her areas of
interest include artificial intelli-
gence and data science .

BhavyaJha completed her under-
graduate degree in Computer
Science and Engineering from
SSN College of Engineering,
Chennai, in 2022. Currently, she
is pursuing a master’s degree in
Human Computer Interaction at
Carnegie Mellon University,
USA. Bhavya has worked as the
technical lead at WeUnlearn, a
non-profit working in the field of
gender, and developed a chatbot
targeted towards improving atti-
tudes towards gender among
adolescents, which was pub-
lished at Harvard University. Her

interests include accessibility, user interface design, and product



Medical & Biological Engineering & Computing (2023) 61:2895-2919 2919

Authors and Affiliations

Akash Kishore' - Lokeswari Venkataramana'® - D. Venkata Vara Prasad' © - Akshaya Mohan' - Bhavya Jha'

P4 Lokeswari Venkataramana Bhavya Jha
lokeswariyv @ssn.edu.in bhavyal8035@cse.ssn.edu.in
Akash Kishore 1

Department of CSE, Sri Sivasubramaniya Nadar College

akash18014@cse.ssn.edu.in of Engineering, Kalavakkam, Chennai, India

D. Venkata Vara Prasad
dvvprasad @ssn.edu.in

Akshaya Mohan
akshayal8017 @cse.ssn.edu.in

@ Springer


http://orcid.org/0000-0003-2331-4507
http://orcid.org/0000-0003-1957-4269

	Enhancing the prediction of IDC breast cancer staging from gene expression profiles using hybrid feature selection methods and deep learning architecture
	Abstract
	1 Introduction
	2 Related work
	3 Materials and methods
	3.1 Proposed methodology
	3.2 Data extraction and pre-processing
	3.3 Hybrid feature selection
	3.4 Deep learning models for classifying cancer stages
	3.4.1 Deep neural network
	3.4.2 Convolutional neural network
	3.4.3 Modified DNN − DNN + dropout model
	3.4.4 Recurrent neural network
	3.4.5 AutoKeras

	3.5 Dataset

	4 Results
	4.1 Performance analysis metrics
	4.2 Feature selection
	4.3 Class balancing
	4.4 Deep learning classification models
	4.5 Results and inferences
	4.5.1 Performance prior to feature selection
	4.5.2 Feature selection using Pipeline 1 (mRMR and CFS)
	4.5.3 Feature selection using Pipeline 2 (mRMR, MI, and CFS)
	4.5.4 Feature selection using Pipeline 3 (mRMR and SVM-RFE)
	4.5.5 Inference from multiclass classification results
	4.5.6 Binary classification
	4.5.7 Inferences

	4.6 Comparison with existing research work
	4.6.1 Binary classification for invasive ductal carcinoma cancer from GEO database
	4.6.2 Multiclass classification on neuroblastoma cancer data from GEO database


	5 Discussion
	6 Conclusion
	References


