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Abstract

A tumor is the fast growth of abnormal cells due to the disruptive expression of certain genes. Mi-
croarray and RNA-sequencing (RNA-seq) are technologies used to measure gene expression levels.
Their development gave access to huge amounts of data, allowing multiple applications from data mining
to Machine Learning (ML) algorithms that improve diagnosis, prognosis, and therapy. The use of these
two technologies alongside with ML helps to identify and to characterize key signaling pathways, and to
discover new disease’s biomarkers. However, even though they are similar in purpose, there are some
fundamental differences between them.

Therefore, in this study we aim to answer to: (I) do gene signatures depend on the platform used for
data acquisition and if so how; (II) do we leverage from data integration. Hence, we propose the use
of a network-based regularization method, Twin Networks Recovery (Twiner), as a strategy to enhance
the selection of gene signatures in breast ER+ cancer that have similar correlation in both microarray
and RNA-seq platforms. Twiner achieved Precision-Recall (PR) AUCs in the sample classification of
tumor or normal of 99.07% and 98.64% in the training and test set, respectively, which are comparable to
existing regularization methods like Elastic Net (EN). Moreover, the biomarkers identified were relevant to
disease’s characterization since most of them were already reported as being breast cancer signatures
by other studies. Therefore, by leveraging from the existing amount of data for microarray and RNA-seq,
a single biological conclusion will be reached, independent of each individual technology.
Keywords: Microarray, RNA-sequencing, Machine Learning, Biomarkers, Network-based regularization

1. Introduction
Cancer is the second leading cause of death world-
wide. Over 9.6 million people were estimated to
die due to this malignancy in 2018 [1]. Tumors
are the fast growth of abnormal cells that are no
longer able to perform apoptosis, which is the pro-
grammed death of the cell. These cells can later
invade the adjacent tissues creating metastasis. To
better manage cancer, it is important to understand
its signaling pathways and find the gene signatures
associated with each type of tumor.

Most of the cell functions depend on proteins and
on the biochemical pathways they are on. Tran-
scriptome, which is the total set of transcripts in
a cell, is dynamic and a good representation of
the cell’s environment [2]. It is the link between
encoded DNA and phenotype. Hence, by mea-
suring it, it is possible evaluate the functional ele-
ments of the genome at a given time and reveal the
molecular constituents of the tissue under different
conditions. DNA microarray and RNA-sequencing

(RNA-seq) are two technologies that quantify the
transcripts abundance. Despite similar in purpose,
their workflow is very different, leading to distinct
expression values outcomes.

In this study, the target disease is the breast in-
vasive carcinoma (BRCA), which is a very hetero-
geneous disease. Then, we will focus on the Es-
trogen Receptor positive (ER+) subtype. We aim
to (I) find the biomarkers associated with it and (II)
if they depend on the chosen platform. Moreover,
we will try to (III) leverage from cross-platform in-
tegration since, for many diseases, the volume of
DNA microarray data in some repositories is far
greater than the one existing for RNA-seq. Thus,
we can take advantage of well-validated microarray
data to analyze the newer data generated from up-
dated technologies like RNA-seq. Besides their di-
vergences, it has been proven that microarray and
RNA-seq have some level of correlation [3].
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2. Background
High-throughput genomic and proteomic technolo-
gies play a fundamental role in cancer research.
They generate an enormous quantity of data, con-
tributing to the so-called ”Big Data” era [4]. How-
ever, this type of data is characterized by its high
dimensionality where the number of genes is far
bigger than the number of samples.

One of the biggest challenges of high-
dimensional data is the curse of dimensionality,
which describes the exponential increase in vol-
ume associated with adding extra dimensions in
the Euclidean space. It is responsible for the break
down of the optimal statistical model fitting [5].
Hence, techniques of Feature Selection (FS) have
been developed to identify the biologically relevant
genes involved in the cancer cell pathways [6].

FS aims to improve the accuracy of the models
by eliminating irrelevant and noisy features. Since
only used a subset of the original set is used, the
algorithms become faster [7]. One state-of-the-art
approach to perform FS is by incorporating regu-
larizers in the classification process, such as the
Ridge, LASSO and Elastic Net (EN) penalties.

The classification process, in which FS methods
can be embedded, is a Machine Learning (ML) pro-
cedure. In general terms, ML algorithms are built
using a set of training data where its characteristics
are learnt creating a predictive model capable of
classifying new data. This learning process can ei-
ther be supervised, when the labels of the training
data are known, or the opposite, unsupervised. Lo-
gistic regression (LR) and Support Vector Machine
(SVM) are examples of supervised algorithms for
classification that are widely used in genomic data.

In this context, Algamal and Lee [6] propose a
regularized LR with adjusted adaptive elastic net
(AAElastic) that expands the existing adaptive EN
regularization. In fact, instead of using the EN es-
timations as the initial weights, in the adaptive ver-
sion the authors incorporate a new initial weight
inside the l1 norm term. Another study done by
Huang et al. [8] uses a sparse LR method with
a hybrid l1/2+2 regularization in order to leverage
from both norms properties, sparsity and group ef-
fect of correlated variables. Some methods are
adding network information to the regularization
term in order to take advantage of the relation-
ship between data points. Zhu et al. [9] proposes
a network-based SVM to identify gene signatures
that allow for cancer diagnostic classification and
prognostic assessment. The authors incorporate a
penalty term that takes into account pairwise gene
neighbors. Another approach, named network-
constrained SVM was developed in Chen et al.
[10]. It integrates both gene expression data and
protein-protein interaction data.

To answer the research questions here formu-
lated, particularly, what breast ER+ gene signa-
tures can be extracted from independent and con-
gregated microarray and RNA-seq data and, there-
fore, conclude on their dependency on the platform
used for data acquisition, we will use a network-
based regularizer. Twiner is a penalty term recently
proposed by Lopes et al. [11] to find common gene
signatures in breast and prostate cancers since
both diseases are hormone-dependent and lead
to bone-relapse. In the present study, Twiner will
be used to disclose putative ER+ biomarkers with
a similar correlation-based network profile across
microarray and RNA-seq platforms.

2.1. Network information
To understand how network penalization works it is
important to first define what a graph is.

Definition 2.1. Graph A graph G is defined as an
ordered pair (V,E), where V denotes a finite set of
vertices or nodes, V = 1, 2, . . . , p, and E is the set
of edges or links between the vertices, E ⊂ V ×V .

Under these circumstances, G represents a re-
lationship between expressed genes where the
nodes are the p features and E is associated with
a weight that measures the relation between a pair
of genes as in definition 2.2.

Definition 2.2. Weighted Graph A weighted
graph G is defined as a triple (V,E,W ), where V
and E are the same as definition 2.1 and W is the
matrix that carries the edge weights.

In contrast to regular penalized classification
techniques, which rely on the physical features of
the data such as distance, similarity or distribution,
network-based learning is able to consider not only
the physical but also the structural and dynamical
properties of the data from the network represen-
tation [12, 13].

To build networks based on data properties there
are two factors that need to be taken under consid-
eration: similarity or dissimilarity function, V ×V 7→
R, that quantifies the level of similarity or dissimi-
larity between two data instances in respect to their
attributes; and network formation techniques which
are rules applied to the similarity matrix obtained
previously and will decide whether or not to create
a link.

Similarity functions can either be distances, like
the Euclidean distance, or the Pearson correla-
tion. Regarding the network formation criteria there
are multiple approaches. In Cupertino et al. [14]
the network formation model is based on cluster-
ing heuristics, a single-link method capable of con-
structing connected and sparse networks.
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In the biomedical field, network-based regular-
ization has been applied throughout different stud-
ies. Zhang et al. [15] employs a Laplacian graph
regularization with LR classification to classify and
discover the pathways related to the disease sta-
tus. In Butte et al. [16], relevance networks
are used to find functional relationships between
RNA expression and chemotherapeutic suscepti-
bility by computing comprehensive pair-wise corre-
lations between gene expression and measures of
agent susceptibility.

3. Methodology
The work was performed in RStudio, R version
3.5.2 (2018-12-20), and the packages used are
mainly from Bioconductor Project1.

3.1. Microarray data
The microarray expression values for BRCA were
collected from three different studies. Two of them
were extracted from Gene Expression Omnibus
(GEO) [18] using GEOquery package [19], and the
other one from The Cancer Genome Atlas TCGA
(TCGA) [20] by directly download it from cBioPor-
tal [21].

GEO data was obtained with Affymetrix HG-
U133A Plus 2.0 microarrays. In both cases, the
values obtained were already GC-RMA normal-
ized. On the other hand, TCGA data was com-
puted using Agilent custom 244 K whole genome
DNA microarrays. Data was Loess normalized and
the ratio between the two channels, Cy5 (sample)
and Cy3 (reference), was log2 transformed [22].
The first GEO study has 121 samples from which
67 are ER+ and 17 normal. The second GEO
study accounts for 178 samples that include 59
ER+ and 11 normal. Finally, for the TCGA microar-
ray data there are 347 ER+ and 8 normal observa-
tions available (Table 1).

3.2. RNA-sequencing data
The TCGA RNA-seq data was imported from
’brca.data’ R package [23]. The gene expression
values for BRCA are in Fragments Per Kilo base
per Million (FPKM).

The data is composed by 1222 observations
from 1097 individuals (Table 1). From those sam-
ples, 1102 are primary solid tumor, 7 metastasis
and 103 normal breast tissue.

3.3. Dara preparation and preprocessing
After acquiring the gene expression values it was
only selected the ER+ observations for further
analysis. Moreover, the metastasis samples were
left out, leading to the exclusion of eight samples
in the microarray TCGA study and seven from the
RNA-seq TCGA data. In the case of RNA-seq

1Software for Computational Biology and Bionformatics [17]

Table 1: Data set summary. Information regarding the source
and dimensions of the original data sets.

Source Samples Genes

GEO (GSE42568) [24] 121 23788
GEO (GSE65194) [25] 178 22975
TCGA microarray [22] 526 17268
TCGA RNA-seq [23] 1102 57251

TCGA study, regarding normal samples, only nor-
mal samples taken from ER+ patients so only 79
were considered.

Before implementing any preprocessing algo-
rithm, we filtered the genes to only use protein cod-
ing genes accordingly to Ensembl genome browser
and the Consensus Coding Sequencing (CCDS)
projects [26].

A K-nearest neighbors imputation algorithm was
applied to the microarray TCGA data to deal with
the missing values present in the data.

A gene-probe mapping was applied to GEO
studies to transform the probe IDs into HUGO gene
nomenclature2

All microarray platforms were submitted to
between-array normalization with the quantile
method. GEO and RNA-seq TCGA studies were
log2 transformed.

3.4. Data integration
In order to merge all data sets, a cross-platform in-
tegration was performed to correct for batch effects
and differences between technologies. By mak-
ing use of ComBat from sva R package, microar-
ray data was batch corrected and normal samples
from GEO were added to TCGA microarray study.
Then, this data was used as a target distribution in
Quantile Normalization (QN) to transform RNA-seq
into microarray comparable data (Figure 1).

Microarray
studies ComBat Quantile

Normalization

RNA-seq
data

Batch effect 
removal

Cross-platform
normalization

Figure 1: Cross-platform integration. First microarray studies
are combined using ComBat and then used as a target distribu-
tion to RNA-seq cross-platform integration using QN.

3.5. Bootstrapping procedure
Before starting the learning process, features with
standard deviation equal to zero were removed
because they did not change across sample and
therefore were not relevant for classification pur-

2It is responsible for approving unique symbols and names
for human genes (www.genenames.org/)

3



poses. So for the downstream analysis the data
set has 13577 genes. The number of observations
depends on whether SMOTE was applied to mi-
croarray data or not. SMOTE from DMwR R pack-
age is an under and over-sampling method to deal
with the class imbalance problem. It uses linear
combinations of k samples of the minority class
to synthetically generate more observations while
removes some samples from the majority class.
Thus, without SMOTE 1246 samples (383 from mi-
croarray and 881 from RNA-seq) were available,
whereas with SMOTE case the data set had 1313
observations from which 432 are from microarray.

For the classification model, two different penal-
ties were used, EN and Twiner, that were incorpo-
rated in a sparse LR classifier implemented using
GLMnet R package. To find the optimal value of
α (Equations 2), 10-fold cross-validation to differ-
ent α values was performed, α = 0.1, 0.2, . . . , 0.9.
The chosen α is the one that minimizes the Mean
Square Error (MSE). Afterward, 100 bootstrap
samples were generated, where training (75% of
the total data) and test sets are randomly drawn
with replacement from the merged data, microarray
and RNA-seq together. Moreover, 10-fold cross-
validation is performed to find the best λ, which
is the tuning parameter of the regularization term.
Finally, we will have the gene signatures for both
penalties and the corresponding performance eval-
uation metrics in order to compare EN and twiner.

3.5.1 Sparse logistic regression

The relationship between one or more independent
variables and a binary outcome, zero (normal) or
one (tumor), is given by the logistic function de-
scribed in equation 1.

pi = P (Yi = 1|Xi) =
exp

(
XT

i β
)

1 + exp
(
XT

i β
) . (1)

where, X is the design matrix n × p (n and p
are respectively the number of observations and
features), pi is the probability of success for ob-
servation i, i.e. , Yi = 1, i?1, . . . , n, and β =
(β1, β2, . . . βp) are the regression coefficients asso-
ciated to the p independent variables. These pa-
rameters are estimated by maximizing the log like-
lihood function of the LR defined as:

n∑
i=1

{yiP [yi = 1|Xi] + (1− yi) log [1− P (yi = 1|Xi)]}

where then the regularization term, R(β), is added.

3.5.2 EN penalty

The EN penalty [27] incorporates both l1- and l2-
norms. Thus, it will not only promote sparsity but
will also encourage group selection. Thus, the reg-
ularization term that is added to the classifier’s ob-
jective function is given by:

R(β) = λ

[
1

2
(1− α)‖β‖22 + α‖β‖1

]
. (2)

where α is a parameter that can vary, α ∈ [0, 1],
and it is usually determined by cross-validation out
of a grid of values. Its role is to shift the penalty
term towards Ridge or LASSO regularization. In
fact, when α = 1, the problem is reduced to a l1-
norm or LASSO, while α = 0 means Ridge regres-
sion or squared l2-norm. As for λ, it is the tuning
parameter that controls the strength of the penalty
term and is also computed by cross-validation.

Furthermore, when α < 1 and λ > 0, the elas-
tic net problem is strictly convex, having an unique
solution [28].

3.5.3 Twiner penalty

The Twiner method [11] introduces a network
penalty based on the angular distance between in-
stances. It is a strategy to ensure that similarly
correlated gene features across different data sets
are less penalized during FS procedure within the
learning model. The pairwise correlations between
variables are obtained computing the correlation
matrices using the Pearson correlation factor.

Microarray
Data

j RNA-seq
Data

j

Correlation
matrix

wj

...

Vector with
penalization weights

for all genes More distant
gene

Closer 
gene

Figure 2: Twiner penalty. To obtain the twiner penalty terms
the correlation matrices are first computed for both microarray
and RNA-seq and then the angular distances between genes
are calculated. The weight vector is obtained from that dis-
tances. The closer the gene in the two platforms, the smaller
the corresponding weight associated to that gene.

Denoting A and B as two different profiling tech-
nologies, then the correlation matrices can be
formulated as ΣA =

[
σA

1 , . . . ,σ
A
p

]
and ΣB =[

σB
1 , . . . ,σ

B
p

]
, where each column σj ∈ Rp rep-

resents the correlation of each gene, j = 1, . . . , p,
with the remaining ones.

Then, the dissimilarity measure of gene j be-
tween A and B is given by the angle of the cor-
responding vectors as shown in equation 3.
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dj(A,B) = arccos
< σA

j , σ
B
j >∥∥σA

j

∥∥ · ∥∥σB
j

∥∥ . (3)

The angle is because similar patterns will have
the same proportionality between the entries of
the two data sets regardless the magnitude of the
vectors. The weights for the penalty term, w =
w1, . . . , wj , . . . , wp, are the distance normalized to
the maximum value as follows:

wj =
dj(A,B)

maxk dk(A,B)
, j, k = 1, . . . , p .

Hence, for a given gene j, the smaller the dis-
tance between σA

j and σB
j , the more similar the

techniques are regarding the overall correlation
pattern for gene j (Figure 2).

In the end, twiner penalty is given by

R(β) = λ
{
α‖w ◦ β‖1 + (1− α)‖w ◦ β‖22

}
.

3.6. Differential gene expression analysis
In parallel with learning procedure, we performed
a Differential Gene Expression Analysis (DGE) in
order to evaluate whether the genes selected are
under- or over-expressed when normal and tumor
status are compared. Moreover, this analysis is
performed individually for the two sequencing tech-
nologies enabling us to see if the results depend on
the chosen platform.

3.7. Survival analysis
Survival Analysis (SA) was done based on
biomarkers selected by EN and Twiner penalties
identified using both microarray data with and with-
out SMOTE.

The survival data was obtained from microarray
and RNA-seq TCGA studies. The time until the
event of interest was converted to days in the mi-
croarray case. It aims to validate the gene signa-
tures found for both penalties by evaluating the sta-
tistical significance in the separation between low
and high risk patients, which is achieved by a log-
rank test.

4. Results & Discussion
4.1. Data preprocessing and integration
Regarding microarray preprocessing, a between-
array normalization for all studies which lead to me-
dian centering was done. As for RNA-seq, it was
log2 transformed.

DNA microarray data was merged and batch cor-
rected and then used as a target distribution to ap-
proximate RNA-seq data. Figure 3 shows the Prin-
cipal Component Analysis (PCA) as a tool to visu-
alize samples grouping in a reduced dimensional
space. As we can see in (a), the component de-
scribing the maximum variability, PC1, is related

with the RNA-seq and microarray studies. The
inter-variability between studies (PC1=73.23%) is
higher than between normal and tumor status
(PC2=3.24%). In fact, there is some degree of
overlap between these two conditions. Meanwhile,
in (b) there is the PCA after applying QN to RNA-
seq and scale the merged data. The final result is a
more homogeneous data cloud, even though some
degree of inter-variability between studies still ex-
ists.

(a)

(b)
Figure 3: PCA for all studies together. (a) Before and (b) after
QN.

4.2. Learning process
We can distinguish between two main analyses
here, with and without SMOTE. In the last case,
microarray and RNA-seq data are used while for
the former microarray with SMOTE and RNA-seq
data are merged. The final data sets will always
account for with 13577 genes, which are the genes
that are common to all platforms and that have
nonzero standard deviation. For the first case, we
have a total of 1264 samples, from which 115 are
normal and the remaining 1149 are tumor observa-
tions, whereas for the second we have 1313 sam-
ples, where 187 are normal and 1126 are cancer
samples.

The learning phase starts by finding the optimal
values of α, which were 0.6 and 0.9 without and
with SMOTE, respectively.

Afterward, a 100-bootstrap classification was
done. The result include the gene signatures found
for each penalty and the performance evaluation

5



measures. Table 2 shows the values obtained for
misclassifications, MSE, Precision-recall Area Un-
der the Curve (PR AUC) and number of variables
selected using EN and twiner penalty for data with
and without SMOTE.

It is important to emphasize that both regular-
ization terms performed well, achieving PR AUCs
always above 98%. Twiner obtained 99.07% for
training and 98.64% for test set. Even though the
performance is similar for both penalty terms, the
number of features selected is not comparable. It
is much larger in EN penalization, specially in the
case of without SMOTE analysis.

Moving on to the comparison between with and
without SMOTE, the former obtained better results.
In fact, the number of wrongly classified observa-
tions substantially decreased across the analyses.

In the 100 iterations, there were features that
were always selected by the algorithm. From
those, LRRC15 and TNNT1 are always picked as
relevant genes across all analyses, with and with-
out SMOTE for both EN and twiner. Another inter-
esting aspect to take under consideration is the se-
lected variable with the lowest weight since it rep-
resents the gene that has the closest expression
profile between platforms and stands as a putative
biomarker for BRCA ER+. For without SMOTE it
was CLEC3B (w = 0.258) while for the other case
scenario it was GNG11 (w = 0.280).

4.3. Differential expression analysis
In order to identify the Differentially Expressed
Genes (DEGs), the Benjamini-Hochberg adjusted
p-values were obtained which are corrected for the
huge number of features in our data set. For a
gene to be considered a significantly DEG it has
to satisfy two condition, a p − value < 0.01 (to be
statistical significant) and |logFC| > 1. Hence, in
microarray there are 246 DEGs while in RNA-seq
there are 519.

Our analysis shows that the majority of the
genes are consistently expressed in the same di-
rection independently of the platform used.

4.4. Comparison between genes selected by Twiner
and EN

Starting by the gene signatures shared by EN and
twiner, in the without SMOTE case there are 17
common features (Fig. 4). From those, two of
them are part of the group that is always selected,
LRRC15 and TNNT1. From our DGE, both of
this genes are over-expressed in cancer. LRRC15
is linked to bone metastasis in breast cancer [29]
while TNNT1 is related to breast cancer cells pro-
liferation by triggering cell cycle transitions.

For SMOTE there were detected 18 mutual
biomarkers. Five of them are always chosen,
CLGN , CNN1, LRCC15, MATN3, S100P and

TNNT1.

1711 15

Twiner EN

Without SMOTE

188 17

Twiner EN

With SMOTE

Text

Figure 4: Venn diagram. Intersection between the number of
variables selected in more than 75% of the 100 iterations by EN
and twiner with and without SMOTE.

4.4.1 Genes exclusively selected by twiner

One of the goals of this study is to identify the com-
mon biomarkers between the two profiling tech-
nologies. Thus, it is important to debate the
features that were exclusively selected by twiner,
which is the penalty that takes into account the
analogous gene expression values in microarray
and RNA-seq.

In the without SMOTE analysis, the 11 vari-
ables detected only by twiner were BGN ,
CRY AB, CTHRC1, DQX1, EMILIN2, GNG11,
GFBP6, IL22RA2, LY ZL2, MRGPRF and
SLC39A6, whereas for SMOTE these were
CRY AB, CTHRC1, EBF1, EMILIN2, GNG11,
GPR137C, NPFFR2 and S100A9.
CRY AB is associated with longevity regulation

pathway since it regulates apoptosis. In fact, it is
considered an anti-apoptotic protein coding gene
that prevents the cell death under stress-inducing
factors. From the DGE analysis, it is a DEG that
is under-expressed in tumor (Figure 5 (a)). Previ-
ous studies had concluded that it is up-regulated
in TNBC [30], however in other types of cancer
like prostate cancer is down-regulated [31].Thus,
this gene might have a different impact in ER+ and
TNBC subtypes.
CTHRC1 codifies a protein that inhibits collagen

production and enhances cell migration. There-
fore it can be hypothesized that it is associated to
BRCA cell migration, as it is over-expressed in can-
cer cells based on our DEG analysis.
EMILIN2 down-regulates WnT signaling path-

way suppressing breast cancer cell growth and mi-
gration. Based on our DGE analysis, it is under-
expressed in breast ER+ cancer cells.
GNG11 is involved in various transmembrane

signaling pathways as a modulator or transducer,
specially in situation of stress, suggesting that it
might be a potential target for regulating cancer
cells’ development. In this study it was found to
be under-expressed.
IL22RA2 is involved in inflammatory response,

angiogenesis and, as a result, can promote tumor
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Table 2: Results for the 100 bootstrap using EN and twiner penalty. The results are the median values for the 100 iterations.

Without SMOTE
EN penalty Twiner penalty

Training Test Training Test
# misclassifications 7 5 10 5

MSE (%) 0.727 1.402 0.878 1.470
PR AUC (%) 99.302 98.632 99.072 98.635

# variables selected 119 98

With SMOTE
# misclassifications 0 2 2 3

MSE (%) 0.236 0.772 0.340 0.843
PR AUC (%) 100 99.620 99.983 99.597

# variables selected 73 61

migration. It was shown to be under-expressed.
EBF1 suppresses another gene activity leading
not only to cell proliferation’s inhibition but also
to apoptosis induction through p53/p21 pathways.
Thus, it is expected that this gene is less expressed
in tumor samples as our DGE analysis concluded
(Fig. 5 (b)).

GPR137C is highly related to oncogenesis and
cancer metastasis since it is implicated in a wide
range of activities like cell signaling, cell prolifera-
tion, cell growth stimulation, and tissue regenera-
tion. This gene is up-regulated in cancer cells.

S100A9 is an indicator of poor outcomes in early
stages on breast cancer patients [32].

The majority of the genes selected by twiner,
which are the features that are closer in microarray
and RNA-seq platforms, are related to breast can-
cer. Therefore, although these techniques have dif-
ferent workflows and consequently distinct expres-
sion values, Twiner is able to extract the gene fea-
tures that are similarly expressed and connected in
the gene correlation network, and play a role in the
disease. Furthermore, the methodology proposed
makes feasible integrating data from both platforms
leveraging from the huge amount of data available.

4.5. Survival analysis

The aim of the SA was to evaluate the significance
of the gene features discovered by Twiner in the
survival outcome. It is expected that good biomark-
ers can clearly distinguish between high and low
risk groups, where high risk refers to patients that
have a considerable probability of facing the event
of interest, which is, in this situation, death.

Figure 6 represents the Kaplan-Meier curves
obtained by using the variables selected by Twiner
for DNA microarray with and without SMOTE and
RNA-seq. The p-values are always below 0.001,
indicating that the gene signatures found by Twiner
are statistically significant and can produce a viable
prognostic for BRCA.

(a)

(b)
Figure 5: Violin plots for the gene signatures that are DEGs.
(a) Without SMOTE; (b) With SMOTE. CRY AB and EBF1 are
the variables exclusively selected by twiner that are DEGs in
(a) and (b), respectively. LRRC15 and TNNT1 are always
selected in the 100-bootstrap and are DEGs.

5. Conclusions

DNA microarray is a widespread technology that
has been used for over the last decade. However,
with the development of high-throughput next-
generation technologies like RNA-sequencing, its
use is slowly fading. Nonetheless, there is a huge
amount of microarray expression data available in
public repositories like GEO and TCGA. With the
goal of leveraging from this data that is invaluable
for data mining purposes, we tried to evaluate the
level of concordance between these two profiling
technologies and if different techniques lead to dif-
ferent outcomes. Thus, twiner was used as an em-
bedded FS, using a regularizer that promotes the
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(a)

(b)

(c)

(d)
Figure 6: SA using gene signatures found by twiner for without
SMOTE (a and b) and with it (c and d) and for microarray (a and
c) and RNA-seq (b and d) data.

selection of genes with a similar role in the gene
correlation network in the two platforms through
correlation-based information.

Overall, Twiner shows comparable perfor-
mances regarding the EN penalty. Most genes
selected have been previously reported as be-
ing related to breast cancer or other types of

tumors (CRY AB, CTHRC1,EMILIN2,GNG11),
and some of them found to be DEGs, namely
CRY AB and EBF1. The genes selected were af-
ter validated by the survival analysis in which the
identified biomarkers could clearly distinguish be-
tween low and high risk group.

In summary, this study demonstrated that gene
signatures found for breast cancer are indepen-
dent of the platform and validated the use of twiner
as a network-regularization method to approximate
two realities, in our case, two different technolo-
gies. Lastly, it was proven that we can bene-
fit from cross-platform integration, leveraging from
the great amount of data that is available for both
microarray and RNA-seq.
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