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Abstract: Background: In order to characterize the various subtypes of breast cancer more precisely
and improve patients selection for breast conserving therapy (BCT), molecular profiling has gained
importance over the past two decades. MicroRNAs, which are small non-coding RNAs, can potentially
regulate numerous downstream target molecules and thereby interfere in carcinogenesis and treatment
response via multiple pathways. The aim of the current two-phase study was to investigate whether
hsa-miR-375-signaling through RASD1 could predict local control (LC) in early breast cancer. Results:
The patient and treatment characteristics of 81 individuals were similarly distributed between relapse
(n = 27) and control groups (n = 54). In the pilot phase, the primary tumors of 28 patients were analyzed
with microarray technology. Of the more than 70,000 genes on the chip, 104 potential hsa-miR-375
target molecules were found to have a lower expression level in relapse patients compared to controls
(p-value < 0.2). For RASD1, a hsa-miR-375 binding site was predicted by an in silico search in five
mRNA-miRNA databases and mechanistically proven in previous pre-clinical studies. Its expression
levels were markedly lower in relapse patients than in controls (p-value of 0.058). In a second
phase, this finding could be validated in an independent set of 53 patients using ddPCR. Patients
with enhanced levels of hsa-miR-375 compared to RASD1 had a higher probability of local relapse
than those with the inverse expression pattern of the two markers (log-rank test, p-value = 0.069).
Conclusion: This two-phase study demonstrates that hsa-miR-375/RASD1 signaling is able to predict
local control in early breast cancer patients, which—to our knowledge—is the first clinical report on a
miR combined with one of its downstream target proteins predicting LC in breast cancer.
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1. Introduction

Breast cancer is the most common malignant tumor in women, with 93,300 deaths predicted
for 2020 in Europe [1]. Carioli estimated that, if the trend between 1989 and 2020 had continued,
32,500 women more would be prone to die in 2020 [1,2]. The epidemiological numbers reflect advances
in all related disciplines including early diagnosis by screening programs as well as improved local and
systemic treatment. A study by the Early Breast Cancer Trialist Group (EBCTG) revealed that radical
treatment of the primary tumor is a prerequisite for long-term cure [3,4]. The standard of care for these
patients is breast conserving therapy (BCT) combined with systemic treatment, which—depending on
subtype—achieves local control (LC) rates of 95% or more at five years [5–7].

Over the past decade, molecular markers were integrated in the staging system for breast cancer [8],
paving the way for new prognosticators and predictors such as microRNAs (miRs). These short
non-coding RNAs, whose role in breast cancer was first described by Iorio in 2005 [9], consist of
21–25 nucleotides. Based on a comprehensive in vitro and in silico analysis, Tang et al. concluded
that the up-regulation of a specific microRNA, i.e., hsa-miR-375, is essential for tumor progression
in early breast cancer [10]. In line with this finding, we could demonstrate in a previous publication
that the enhanced expression levels of hsa-miR-375 were associated with a higher probability of local
relapse [11].

From a translational as well as a clinical point of view, it is important to describe how miRs interfere
with cancer pathways. In theory, one miR can regulate the expression of numerous downstream
molecules. Hence, in order to select appropriate target proteins that directly influence known cancer
pathways, the current analysis builds—first and foremost—on the preclinical data published by
Souza et al., who demonstrated that hsa-miR-375 has a functional binding site on the mRNA of the
dexamethasone-induced ras-related protein (RASD1) [12]. Both molecules were shown to constitute a
positive feedback loop together with the estrogen receptor α (ER-α) [12], which was substantiated by
interventional studies with phytoestrogens [13–15]. In addition to this, Gao et al. showed that RASD1
overexpression in glioma cells resulted in reduced activity of the Akt/mTOR pathway [16].

Apart from RASD1 and ER-α, Sec23A was considered as a potential target for the current study
based on preclinical data in breast [17] and prostate cancer [18]. Sec23A is involved in protein transport
from the endoplasmic reticulum to the Golgi apparatus and seems to exert an inhibitory function in
cell proliferation. Szczyrba et al. could not only define a binding site for hsa-miR-375 on the mRNA
of Sec23A, but also found the protein to be down-regulated in prostate cancer cell lines and tissue
specimens [18], which made it worth being included in the current analysis.

It is noteworthy that—apart from the above mentioned analysis by our group [11]—only the
investigation by Zhou et al. focused on the role of miRs in LC prediction of early breast cancer [19],
while most other studies used progression free survival (PFS) and/or overall survival (OS) as an
endpoint [20–25]. As an extension of this work [19], the preclinical analysis by de Souza on
hsa-miR-375/RASD1 [12] and our own data [11], the aim of the current two-phase study was to
answer the question whether hsa-miR-375-signaling through one of the above mentioned targets,
i.e., RASD1, ER-α and Sec23A, could predict LC in early breast cancer.

2. Methods

2.1. Patients

The present analysis is a continuation of a previous publication on the predictive value of
hsa-miR-375 in breast cancer [11]. Of the initial 147 patients selected from the institutional database
of more than 5000 patients, 81 individuals diagnosed with early breast cancer remained. Due to the
age of the pathologic specimen that precluded proper signal detection in some cases and forensic
restrictions in others, the cohort had to be reduced to 28 (14 relapses/14 controls) in the pilot phase and
53 (13 relapses/40 controls) in the validation phase. Controls are patients with early breast cancer who
did no experience local relapse. Like the previous analysis, this is also a matched pair analysis with the
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same matching criteria [11]: year of diagnosis, surgery (mastectomy or lumpectomy), radiotherapy
(whole breast irradiation with percutaneous or intraoperative boost), age, tumor size, lymph node
involvement, grading, histology, hormonal receptor status, her2 status, menopause, and Ki67. In the
current report however, due to the reduction in patient numbers for the above-mentioned restrictions,
a strict patient-to-patient match was only possible in the pilot phase. The patients of the pilot cohort
were not included in the subsequent validation phase.

The endpoint of the current study was LC. This marks a difference between this paper and the
majority of publications in the field, which investigated PFS and/or OS. Local relapse was defined as
the re-appearance of cancer in the same breast, regardless of whether the former index quadrant was
affected or not [26].

All patients gave their informed consent to surgery, radiotherapy and systemic treatment.
The study was approved by the local ethics committee in Salzburg (Ethikkommission für das Bundesland
Salzburg 415-EP/73/582-2015).

2.2. Experimental Design

The current investigation was a two-phase analysis. The first step of the pilot phase was an in
silico search for potential targets in five different databases: TargetScan, miRDB, PITA, DIANA, DIANA
Cancer (accessed in May 2015). The second step comprised a screen for potential targets in 28 patients
(14 with local relapse and 14 matched controls) by means of microarray technology (Affymetrix
GeneChip Human Transcriptome Array 2.0®). The combined results formed the basis for the validation
phase in an independent set of 53 patients performed with droplet digital PCR (ddPCR). The clinical
data acquisition and the molecular analyses were performed at the Departments of Radiation Oncology
and Pathology at the Paracelsus Medical University Clinics Salzburg, respectively. Blinded to all
outcomes, data processing including quality check (Figures A3 and A4), and biostatistics were carried
out externally by the Institute for Machine Learning, Johannes Kepler University, Linz. Figure A2
summarizes the experimental design.

2.3. Tissue Samples

The current analyses were carried out in the same samples that were used for a previous
study published by our group [11]. Immediately after surgery, they were formalin fixed paraffin
embedded (FFPE) and archived in the tissue bank of the Department of Pathology without any
additional processing. It is noteworthy that the samples were not microdissected to enhance the
relative proportion of tumor tissue. Similar to the previous investigation, whole tissue sections were
selected, which resulted in a tumor content range of 10% to 90% (see Table 1).

Table 1. Patient and treatment characteristics.

Patient Characteristics and Treatment Pilot Phase n = 28 Validation Phase n = 53

Parameters Relapse
n = 14

Control
n = 14 p-Value Relapse

n = 13
Control
n = 40 p-Value

Patient
characteristics

Age at diagnosis
(years)

Median 53.5 56
0.84

57 54
0.06

Range 40–71 41–74 40–79 41–78

Menopause (n)

No 3 (21%) 3 (21%)

0.75

2 (15%) 16 (40%)

0.05Yes 7 (50%) 8 (57%) 10 (77%) 18 (45%)

Unclear 4 (29%) 3 (22%) 1 (8%) 6 (15%)

T (n)
T1 9 (64%) 8 (57%)

1
11 (85%) 33 (83%)

0.86
T2 5 (36%) 6 (43%) 2 (15%) 7 (17%)

n (n)
N0 13 (93%) 12 (86%)

0.77

9 (69%) 30 (75%)

0.55N1 1 (7%) 1 (7%) 4 (31%) 10 (25%)

N2 0 (0%) 1 (7%) 0 (0%) 0 (0%)

M (n) M0 14 (100%) 14 (100%) 1 13 (100%) 40 (100%) 1
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Table 1. Cont.

Patient Characteristics and Treatment Pilot Phase n = 28 Validation Phase n = 53

Parameters Relapse
n = 14

Control
n = 14 p-Value Relapse

n = 13
Control
n = 40 p-Value

Patient
characteristics

Grading (n)

G1 0 (0%) 0 (0%)

0.87

0 (0%) 4 (10%)

0.56G2 7 (50%) 8 (57%) 8 (62%) 22 (55%)

G3 7 (50%) 6 (43%) 5 (38%) 14 (35%)

Histology (n)

IDC 1 12 (86%) 13 (93%)

0.77

8 (62%) 33 (83%)

0.39ILC 2 2 (14%) 1 (7%) 3 (23%) 2 (5%)

Other 0 (0%) 0 (0%) 2 (15%) 5 (13%)

In situ
component (n)

Yes 12 (86%) 8 (57%)
0.11

7 (54%) 20 (50%)
0.81

No 2 (14%) 6 (43%) 6 (46%) 20 (50%)

Receptors (n)

ER positive 3 6 (43%) 8 (57%)
0.54

10 (77%) 30 (75%)
0.89

ER negative 8 (57%) 6 (43%) 3 (23%) 10 (25%)

PR positive 4 5 (36%) 7 (50%)
0.54

8 (62%) 18 (70%)
0.57

PR negative 9 (64%) 7 (50%) 5 (38%) 12 (30%)

her2neu (n)

Positive 8 (57%) 2 (14%)

0.06

4 (31%) 21 (53%)

0.56Negative 4 (29%) 9 (64%) 9 (69%) 13 (32%)

Not assessable 2 (14%) 3 (21%) 0 (0%) 6 (15%)

Proliferation
index (n)

ki67 < 20% 9 (64%) 6 (43%)

0.54

4 (31%) 24 (60%)

0.91ki67 > 20% 5 (36%) 7 (50%) 7 (54%) 13 (32%)

Not assessable 0 (0%) 1 (7%) 2 (15%) 3 (8%)

Treatment

Boost

Intraoperative (n) 8 (57%) 7 (50%)

0.8

7 (54%) 21 (53%)

0.22

Percutaneous (n) 6 (43%) 7 (50%) 4 (31%) 19 (47%)

None 0 (0%) 0 (0%) 2 (15%) 0 (0%)

Intraoperative
dose (Gy) 10 10 10 10

Percutaneous
dose (Gy) 12 12 12 12

WBRT 5 dose (Gy)
Median 54 54

1
54 54

0.2
Range 52.5–61.2 51.0–57.8 51–57.8 50–54

Surgery (n)
BCT 6 14 (100%) 14 (100%)

1
13 (100%) 40 (100%)

1
Mastectomy 0 (0%) 0 (0%) 0 (0%) 0 (0%)

Re-excision (n)
Yes 6 (43%) 3 (21%)

0.54
5 (38%) 18 (45%)

0.69
No 8 (57%) 11 (79%) 8 (62%) 22 (55%)

Year of surgery (n)
Before 1998 3 (21%) 4 (29%)

1
5 (38%) 15 (38%)

0.434
Since 1998 11 (79%) 10 (61%) 8 (62%) 25 (62%)

Chemotherapy (n)
Yes 7 (50%) 5 (36%)

0.21
4 (31%) 11 (28%)

0.86
No 7 (50%) 9 (64%) 9 (69%) 29 (72%)

Antihormonal
treatment (n)

Yes 7 (50%) 6 (43%)

1

9 (69%) 22 (55%)

0.46No 7 (50%) 8 (57%) 4 (31%) 16 (40%)

Unclear 0 (0%) 0 (0%) 0 (0%) 2 (5%)

Tumor burden in
biopsy (%)

Median 70 60
0.4

70 70
0.76

Range 10–90 10–90 10–90 30–90
1 Invasive ductal carcinoma, 2 Invasive lobular carcinoma, 3 Estrogen receptor, 4 Progesteron receptor, 5 Whole
breast radiotherapy, 6 Breast conserving therapy.

2.4. Pilot Phase: Microarray

High through-put RNA expression analysis was performed with the Affymetrix GeneChip Human
Transcriptome Array 2.0®, which contains a panel of 70,523 RNA transcripts. Five nanogram total
RNA from each individual sample was processed with the Affymetrix GeneChip WT Pico Reagent
Kit® to obtain 5,5 µg ss-cDNA, which was fragmented, labelled and hybridized to the GeneChip®

according to the manufacturer’s instructions. The technical equipment for chip processing was Gene
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Chip Hybridization Oven 645, Gene Chip Scanner and Gene Chip Fluidics Station 450 Dx (Affymetrix®,
Thermo Fisher Scientific®, Waltham, MA, USA). Microarray data were processed using the RMA
method [27,28] from the oligo package [29].

2.5. Validation Phase: Droplet Digital PCR

2.5.1. Tissue Processing

After routine processing of the tumor specimen, total RNA was isolated from tissue sections with
the Maxwell® RSC RNA FFPE Kit (Promega®, Madison, WI, USA) according to the manufacturer’s
instructions. RNA was eluted in water and stored at −80 ◦C until further use. RNA was quantified with
the QuantiFluor RNA System on Quantus® Fluorimeter (Promega®) following the “High Standard
Calibration” protocol.

2.5.2. Droplet Digital PCR

Reverse transcription was performed with the iScript®Advanced cDNA Synthesis Kit for RT-qPCR
(Bio-Rad®, Hercules, CA, USA). A total of 420 ng of each RNA sample was transcribed into cDNA in
20 µL reactions by incubation at 46 ◦C for 20 min, followed by incubation at 95 ◦C for 1 min. Then,
1 µL of the cDNA was directly used for gene expression analyses by QX200® ddPCR® EvaGreen
system (Bio-Rad®) including the following assays: EEF2 (assay ID: dHsaEG5017938) and RASD1
(assay ID: dHsaEG5004980) and self-designed intron-spanning primers for the amplification of RASD1
(F: TCTCCATCCTCACAGGAGAC; R: GTTCTTGAGGCAAGACTTGG). Each 20 µL reaction contained
10 µL 2 × QX200 ddPCR EvaGreen supermix, 1 µL 20 × primers, 1 µL cDNA template and 8 µL
RNase/DNase free water. Each sample was prepared in technical duplicates. The cycling conditions
were as follows: 95 ◦C, 5 min; 40 cycles, 96 ◦C, 30 s; 58 ◦C, 60 s; 4 ◦C, 5 min; 90 ◦C, 5 min; 4 ◦C, storage;
the ramp time was set to 2 ◦C/s.

2.5.3. Data Analysis

The raw ddPCR data were analyzed with QuantaSoft® (version 1.7.4.0917) supplied by Bio-Rad®

in accordance with the MIQE guidelines (minimum information for publication of quantitative digital
PCR experiments) [30]. Copies/µL of RASD1 were normalized to the housekeeping gene eucaryotic
elongation factor 2 (EEF2) for each sample (https://doi.org/10.1016/j.ymeth.2012.09.012). The normalized
values were the basis for further statistical analyses.

2.6. Statistics

Potentially prognostic and predictive patient and treatment related parameters were compared
between groups by means of the Mann–Whitney U test.

In the pilot phase, de-regulated mRNA transcripts were detected using linear models for microarray
analysis (LIMMA) [31]. In accordance with other explorative studies, the p-value threshold (α) for the
microarray was set at 0.2 [32]. An overly restrictive threshold might have led to losing potential target
molecules. To make up for this rather permissive limit for first-order errors (α), the stringency filter to
narrow down the vast range of potential target molecules for further validation was the mechanistic
proof of a binding site between miRNA and mRNA on the one hand and the result of the in silico search
on the other. The statistical data analysis to detect the mRNAs with the highest predictive potential
was performed with the potential support vector machine (PSVM), a regularized linear classifier with
built-in feature selection [33].

In the validation phase, the levels of hsa-miR-375 and RASD1 were correlated with each other
by means of the one-sided Spearman test since an inverse correlation between the two molecules
could be assumed based on their biological interaction. LC was estimated with the Kaplan–Meier
method. In order to show how far the expression levels of the two molecules are associated with LC,
a combined hsa-miR-375/RASD1 marker was generated. Each value was mapped to an index of 1 to

https://doi.org/10.1016/j.ymeth.2012.09.012
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4 representing the quartile which it belonged to. For each sample, the indices were subtracted from
each other; while positive results mean higher expression of the microRNA than RASD1, negative
values represent the opposite. Zero means “equal” expression levels of hsa-miR-375 and RASD1.
The log-rank test was used to compare groups stratified by this combined marker. In order to estimate
the predictive value of the combined marker, receiver–operating curve (ROC) analyses were performed
for the microRNA/RASD1 ratio. Similar to the microarray, we assumed an α of 0.2 as first-order error,
which is the threshold proposed for screening trials [34,35]. Hence, the p-value of reference was 0.20.

3. Results

3.1. Patients

The patient and treatment characteristics of the 81 individuals were similarly distributed
between relapse and control groups (Table 1). No significant differences could be detected using the
Mann–Whitney U test. The median follow-up in the pilot and validation phase was 130.5 months
(range 40–200 months) and 116 months (range 44–214 months), respectively (Table 2). The median time
to local relapse was 44 months (range 15–123 months) in the pilot cohort and 77 months (28–140 months)
in the validation cohort (Table 2).

Table 2. Clinical outcome.

Patient Characteristics and Treatment Pilot Phase n = 28 Validation Phase n = 54

Parameters Relapse n = 14 Control n = 14 Relapse n = 13 Control n = 41

Time to local failure
(months)

Median 44 x 77 x

Range 15–123 x 28–140 x

Time to distant
metastasis (months)

Median 61 x 71 109

Range 28–94 x 21–78 x

Follow-up (months)
Median 121.5 130.5 95 122

Range 40–186 72–200 44–214 45–194

Cancer related deaths (n) 3 0 3 1

3.2. Pilot Phase

In order to assess the biological context of hsa-miR-375, potential target genes were identified
by two independent approaches: a computational analysis combined with a microarray experiment.
Therefore, five different miRNA–target mRNA prediction databases were accessed [36–38]. Fifteen
targets were predicted both in Target Scan (Release 6.2) and PITA (Venn diagram in Figure A1) including
RASD1, which is a validated functional target of hsa-miR-375 in breast cancer cells [12]. The fact that a
potential target is listed in at least two databases with different miRNA-mRNA correlation algorithms
adds to the reliability of the in silico search results. On top of that, RASD1 was proven in a mechanistic
study to have a binding site for hsa-miR-375 [12]. In the very same study, ER-α was shown to be
involved in a positive feedback loop between hsa-miR-375 via RASD1 [12]. Sec23A was predicted by
DIANA and validated in previous studies in breast [17] and prostate cancer [18].

From the 70,523 probes on the chip, we selected 1433 genes that were predicted to have a binding
site with hsa-miR-375 in their 3′UTR using the five databases mentioned in the methods section.
The heatmap in Figure 1a summarizes 104 of these potential target molecules that were found to
have a lower expression level in relapse patients compared to controls (p-value < 0.2). Figure 1b
visualizes the proteins whose hsa-miR-375 binding site was predicted by an in silico algorithm and
mechanistically proven on a cellular level, i.e., RASD1, Sec23A and ER-α. While RASD1 expression
levels were lower in relapse patients than in controls, which reached borderline significance with
a p-value of 0.058, no difference could be detected for Sec23A (p-value = 0.628) and ER-α (p-values
between 0.546 and 0.902; Figure 2).The microarray data were deposited in the NCBI Gene Expression
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Omnibus. The microRNA data and the target protein data were deposited under the accession numbers
GSE69951 and GSE 156873, respectively; they can be downloaded via the following links:

http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE69951
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE156873.Genes 2020, 11, x FOR PEER REVIEW  8 of 20 

 

 

(a) 

 

(b) 

Figure 1. (a) The orange bar on top symbolizes the group of patients with local relapse, who were
coded with the extension “P” after the number (bottom line), while the blue bar represents the controls
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(extension “PK”). The microarray (Affymetrix GeneChip Human Transcriptome Array 2.0®) contained
70,523 transcripts. According to the in silico analysis, 1433 were known targets of hsa-miR-375, of which
104 were down-regulated in the relapse group (patients beneath the orange bar on top of the heat
map) compared to controls (patients beneath the blue bar on top of the heat map): raw p-value < 0.20.
The transcripts are ordered according to their p-values with the lowest on top. RASD1 (highlighted on
the right) is number 12 in this list. High and low expressions of a molecule are depicted in green and
red, respectively. Abbreviations: P = patients with local relapse, PK = matched control. (b) Shows
the differential expression of RASD1, ER-α and Sec23A between relapse patients (beneath the orange
bar) and controls (beneath the blue bar). High and low expression levels of a molecule are depicted
in green and red, respectively. The differential expression of RASD1 reached borderline significance
(p-value = 0.058), while for the two other targets, the p-value was > 0.2. The Affymetrix GeneChip
Human Transcriptome Array 2.0® contained three transcripts for ER-α (ESR 1), whereas RASD1 and
Sec23A were represented by one transcript each. Abbreviations: P = patients with local relapse,
PK = matched control.
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Figure 2. Differential expression between patients and controls for each of the putative target proteins:
RASD1, ERα (three transcripts) and Sec23A. The difference in RASD1 expression reached borderline
significance (p-value = 0.058), while for all other targets, the p-value was > 0.2. Abbreviations:
P = patients with local relapse, PK = matched control, TC = transcript with the respective number on
the Affymetrix GeneChip Human Transcriptome Array 2.0®.
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3.3. Validation Phase

As described in the previously mentioned previous publication by our group [11], hsa-miR-375
could significantly predict the probability of local control. In the current validation cohort of 53 patients,
the same effect could be observed, although with a higher p-value of 0.014 (Figure 3). From the target
proteins shown in Figure 2, RASD1 was selected for further validation since the differential expression
between relapse, and controls almost reached significance in the microarray (p-value = 0.058, Figures 1
and 2). In order to validate this preliminary finding in an independent set of samples, digital droplet
PCR (ddPCR), a highly sensitive method to quantify gene expression levels, was used.

This is in coherence with the physiological functioning of a microRNA. Generally, there are
two mechanisms at work in the miRNA/mRNA interaction, which both result in decreased mRNA
concentrations: a perfect miRNA/mRNA match leads to RISC-mediated dissection of the mRNA
molecule, while a less perfect match stops translation with delayed degradation. Hence, changes in
the amount of mRNA are an indirect measure for protein concentrations. For lack of suitable RASD1
antibodies, we chose this approach. In the validation cohort, the expression levels of RASD1 and
hsa-miR-375 were inversely correlated (one-sided Spearman test, p-value = 0.021, Figure A5).

Figure 4 shows the correlation of the combined biomarker hsa-miR-375 and RASD1 to LC. Patients
with enhanced levels of hsa-miR-375 compared to RASD1 have a higher probability of local relapse than
those with the inverse expression pattern of the two markers. This difference was below the limit of 0.2
for α (log-rank test, p-value = 0.069) in the 39/53 (74%) patients who had a clearly higher expression
level of one marker (Figure 4a). When the same analysis was performed for the whole cohort including
the 14/53 (26%) patients who had an equal expression level of both markers, this difference still persisted
(log-rank test, overall p-value = 0.177; Figure 4b). The ROC analyses revealed an area under the
curve(AUC) of 0.615 (p-value = 0.158) and 0.552 (p-value = 0.294) for the two cohorts, respectively.
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concentrations (i.e., below the median) of the micro-RNA are associated with a lower risk of local relapse.
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Figure 4. High levels of hsa-miR-375 compared to RASD1 correlate to a higher probability of local
relapse. (a) The standardized comparison of hsa-miR-375 and RASD1 for each individual patient
revealed inverse expression patterns in 39/53 patients. The combined marker hsa-miR-375/RASD1 in
these cases was able to predict local control (log-rank p-value = 0.069). Hsa-miR-375 > RASD1 means
that the expression level of the microRNA is higher than that of the target protein, whereas hsa-miR-375
< RASD1 is the opposite. Hsa-miR-375 = RASD1 signifies that the concentration of both markers is
equal. (b) As depicted by the clearly separating survival curves, this difference persisted in the whole
cohort of 53 patients (log-rank p-value = 0.177).
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4. Discussion

The current two-phase study demonstrates that hsa-miR-375/RASD1 signaling is able to predict
local control in early breast cancer. To our knowledge, this is the first clinical report on a miRNA
combined with one of its downstream target proteins showing a strong correlation with in-breast
tumor control. Since biomarkers have been added to the panel of predictive and prognostic markers in
cancer, our work may help to better select patients for BCT.

The first analysis that established the importance of miRs in breast cancer was published 15 years
ago by Iorio and co-workers [9]. In this preclinical study, the authors showed that the de-regulated
expression levels of 15 miRNAs could discriminate breast cancer from normal tissue. In order to
elucidate the functional role of miRs, it is important to know which pathways they interfere in. The most
appropriate search process for potential target proteins from the huge number of possible downstream
molecules is a miR-mRNA database search combined with the results of mechanistic preclinical studies
in cells and rodents. For the current analysis, this approach yielded three potential targets, including
RASD1, ER-α and Sec23A, of which only the first was selected for further validation.

Souza et al. provided the mechanistic proof that hsa-miR-375 has a binding site on the UTR-3′-end
of the RASD1 mRNA molecule [12]. By gain and loss of function experiments, the authors showed
that down-regulated RASD1, which belongs to the Ras superfamily of small G-proteins, resulted
in increased cell growth via enhanced ER-α activity [12]. The potential function of RASD1 was
investigated in breast and lung cancer cells as well as a xenograft model [39]. High expression levels
of this small G-protein stop dysregulated cell growth and may therefore exert anti-cancer activity.
Its locus on chromosome 17p11.2 is characterized by frequent loss of heterozygosity and deletions [40],
which leads to pro-proliferative signaling in cancer cells [16,39,41–43].

The fact that RASD1 is a direct functional target of hsa-miR-375 [12] harbors the potential of a
therapeutic approach. This was investigated in two preclinical studies using phytoestrogens [13,14].
Chen showed that the up-regulation of ER-α by the phytoestrogen formononetin and hsa-miR-375 is
a universal phenomenon, which is also present in pluripotent endothelial cells (HUVECs) and not
only in ER-α positive breast cancer cells [13]. In their study in rodents, Wang et al. demonstrated that
calycosin, another phytoestrogen, induces hsa-miR-375 and ER-α, while down regulating RASD1 at
the same time [14].

Taken together, the current analysis is the first clinical verification of experimental data
on hsa-miR-375 combined with RASD1 in breast cancer. Our results allow us to assume that
hsa-miR-375/RASD1 signaling helps to predict local failure, which corroborates the above mentioned
preclinical findings [9,12–15]. The clinical endpoint of the current investigation was LC, while the
majority of the studies in the field use PFS and/or OS instead. To date, only one study in a smaller
cohort than ours investigated miRs and LC in breast cancer [19], whereas none considered the role of
RASD1, let alone the hsa-miR-375/RASD1 combination. Discrepancies with the results of other clinical
studies may be related to sample processing. First, in the current analysis, only tumor specimens were
compared to each other, while previous studies, e.g., that by Iorio [9], compared tumor and normal
tissue leading to a more pronounced differential expression of miRs and their down-stream molecules.
Secondly, in the current analysis, tissue sections including tumor stroma were used as opposed to
micro-dissected specimen in comparable studies [19,20]. Third, whole tissue sections were analyzed
since we believe that a given signaling cascade should retain its discriminative power even if the tumor
content is low.
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In this context, the question arises how hsa-miR-375/RASD1 interferes in the cancer pathway
system. An extensive in silico and in vitro analysis comparing normal versus tumor tissue in more
than 3700 cases revealed that up-regulated hsa-miR-375 accelerated cell proliferation by regulating
the PI3K/Akt/mTOR pathway [10]. Gao et al. demonstrated the connection between RASD1 and the
Akt/mTOR pathway in glioma cells and a xenograft model by means of an array of 18 intracellular
signaling molecules [16]. The overexpression of RASD1 reduced the phosphorylation of p-Akt, p-S6
and p-GSK3β, which finally inactivated the Akt/mTOR pathway. Enhanced RASD1 levels led to
rearrangement of the cytoskeleton and reduced cell migration [16]. In addition, the clinical data
published in the very same study imply that high levels of RASD1 were associated with improved
OS [16]. The authors concluded that RASD1 affected cell migration and invasion presumably through
Akt-mediated epithelial-mesenchymal transition [16,44], which may translate into clinically detectable
differences. In accordance with Gao, the current study substantiates that high levels of RASD1
combined with a low expression of hsa-miR-375 are beneficial in terms of LC. As the report by Gao and
our own computational analysis [45] demonstrated, RASD1 interferes with the PI3K/Akt pathway [16]
(Figure A7). Therefore, targeting the hsa-miR-375/RASD1 signaling axis could be a rewarding approach
for therapeutic studies aimed at inhibiting aberrant cell growth.

To date, clinicaltrials.gov lists a total of 29 studies involving microRNAs in breast cancer, nine of
which are completed (accessed 2020/07). These studies cover the following aspects of cancer diagnostics
and treatment: response to systemic treatment (10), response to RT (1), response to physical activity and
diet (5), including one that focuses on hsa-miR-375, monitoring toxicity (6), and diagnostics (6). As our
analysis corroborates preclinical findings, it underlines the usefulness and necessity for inclusion
into prospective clinical trials on a larger scale. Thus far, none of these 29 studies on miRs listed in
clinicaltrials.gov was conducted with LC as an oncological endpoint.

An obvious weakness of our analysis is the rather permissive threshold for first-order errors (α).
However, this is not unusual in explorative studies with the aim of extracting as much as possible of
the potentially important information from a huge amount of data [32]. The initial microarray included
more than 70,000 target molecules. Nevertheless, RASD1 with a raw p-value of 0.058 almost fulfilled
the conventional limit of α < 0.05. For reasons described in the methods section, the number of patients
had to be reduced to 81 in the current investigation. This may explain why the clinical characteristics
such as age, menopause and her2neu were not as evenly distributed as in the previous study [11]
(Table 1). Additionally, this rather small number of cases could also be the reason for the moderate
predictive power of the combined marker hsa-miR-375/RASD1 in the ROC analyses. While the p-value
in the subcohort of 39 patients with a clearly inverse correlation between the two markers was still
within the limit of 0.2 for first-order errors, in the whole cohort, it was not (Figure A6a,b). Furthermore,
the background noise of the multi-level regulatory network, which RASD1 is embedded in, may also
play a role. Hence, as the current analysis was designed as a hypothesis-generating study, no definite
conclusions can be drawn with respect to sensitivity and specificity.

As for methodological deficiencies, we have to admit that a direct measurement of RASD1 protein
concentrations would have certainly strengthened our results. While appropriate antibodies were
unavailable, the implementation and validation of a manual staining procedure or the in-house
designing of a suitable antibody for RASD1 were beyond the scope of the current project. Using a
luciferase reporter construct, de Souza and colleagues provided reliable evidence that RASD1 is a
direct target of hsa-miR-375 [12]. These findings were confirmed independently by another group [13].
Similar to our study, neither of these publications included analyses on RASD1 protein levels.

clinicaltrials.gov
clinicaltrials.gov
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In contrast, these apparent shortcomings are counterbalanced by several strengths. This is the
first study that corroborates preclinical data [12] on hsa-miR-375/RASD1 signaling for LC in breast
cancer patients. Although the current analysis is retrospective, its two-phase design provides reliable
results to constitute a sound basis for prospective investigations. The methodological disadvantage of
using whole tissue sections strengthens our results since thereby we keep the specimen processing as
close to daily routine as possible, which enhances the transferability of our findings to clinical practice.

5. Conclusions

In summary, the current study demonstrates that hsa-miR-375/RASD1 signaling may contribute
to predict local control after BCT for early stage breast cancer. Although prospective studies in larger
cohorts are warranted, our results enlarge the panel of potential molecular markers for adequate
patient selection in the context of tailored therapies.
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RASD1 dexamethasone induced ras-related protein 1
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Figure A1. Target prediction for hsa-miR-375. The Venn diagram shows the number of predicted
targets from TargetScan (blue) http://www.targetscan.org/ and PITA (red) http://genie.weizmann.ac.il/
pubs/mir07/mir07_data.html; 15 genes were suggested by both algorithms.
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Figure A6. (a) In the 39 patients with a clearly inverse correlation of hsa-miR-375 and RASD1,
the receiver–operating curve (ROC) analysis revealed an AUC of 0.615 (p-value 0.158). (b) In the whole
cohort of 53 patients, the ROC analysis showed an AUC of 0.552 (p-value = 0.294).
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Figure A7. Working model of a putative hsa-miR-375 pathway: Hsa-miR-375 is involved in a positive
feedback loop with ERα, thereby blocking RASD1, which in itself interferes with the PI3K/Akt pathway.

References

1. Carioli, G.; Malvezzi, M.; Rodriguez, T.; Bertuccio, P.; Negri, E.; La Vecchia, C. Trends and predictions to 2020
in breast cancer mortality in Europe. Breast 2017, 36, 89–95. [CrossRef]

2. Malvezzi, M.; Carioli, G.; Bertuccio, P.; Boffetta, P.; Levi, F.; La Vecchia, C.; Negri, E. European cancer mortality
predictions for the year 2019 with focus on breast cancer. Ann. Oncol. 2019, 30, 781–787. [CrossRef]

3. Darby, S.; McGale, P.; Correa, C.; Taylor, C.; Arriagada, R.; Clarke, M.; Cutter, D.; Davies, C.; Ewertz, M.;
Godwin, J.; et al. Effect of radiotherapy after breast-conserving surgery on 10-year recurrence and 15-year
breast cancer death: Meta-analysis of individual patient data for 10,801 women in 17 randomised trials.
Lancet 2011, 378, 1707–1716. [PubMed]

4. Sautter-Bihl, M.L.; Sedlmayer, F.; Budach, W.; Dunst, J.; Feyer, P.; Fietkau, R.; Haase, W.; Harms, W.; Rodel, C.;
Souchon, R.; et al. One life saved by four prevented recurrences? Update of the Early Breast Cancer Trialists
confirms: Postoperative radiotherapy improves survival after breast conserving surgery. Strahlenther Onkol.
2012, 188, 461–463. [CrossRef] [PubMed]

5. Bartelink, H.; Horiot, J.C.; Poortmans, P.; Struikmans, H.; Van den Bogaert, W.; Barillot, I.; Fourquet, A.;
Borger, J.; Jager, J.; Hoogenraad, W.; et al. Recurrence rates after treatment of breast cancer with standard
radiotherapy with or without additional radiation. N. Engl. J. Med. 2001, 345, 1378–1387. [CrossRef]
[PubMed]

6. Whelan, T.; MacKenzie, R.; Julian, J.; Levine, M.; Shelley, W.; Grimard, L.; Lada, B.; Lukka, H.; Perera, F.;
Fyles, A.; et al. Randomized trial of breast irradiation schedules after lumpectomy for women with lymph
node-negative breast cancer. J. Natl. Cancer Inst. 2002, 94, 1143–1150. [CrossRef]

7. Bentzen, S.M.; Agrawal, R.K.; Aird, E.G.; Barrett, J.M.; Barrett-Lee, P.J.; Bliss, J.M.; Brown, J.; Dewar, J.A.;
Dobbs, H.J.; Haviland, J.S.; et al. The UK Standardisation of Breast Radiotherapy (START) Trial A of
radiotherapy hypofractionation for treatment of early breast cancer: A randomised trial. Lancet Oncol. 2008,
9, 331–341.

8. Goldhirsch, A.; Wood, W.C.; Coates, A.S.; Gelber, R.D.; Thurlimann, B.; Senn, H.J. Strategies for
subtypes–dealing with the diversity of breast cancer: Highlights of the St. Gallen International Expert
Consensus on the Primary Therapy of Early Breast Cancer 2011. Ann. Oncol. 2011, 22, 1736–1747. [CrossRef]

9. Iorio, M.V.; Ferracin, M.; Liu, C.G.; Veronese, A.; Spizzo, R.; Sabbioni, S.; Magri, E.; Pedriali, M.; Fabbri, M.;
Campiglio, M.; et al. MicroRNA gene expression deregulation in human breast cancer. Cancer Res. 2005, 65,
7065–7070. [CrossRef]

http://dx.doi.org/10.1016/j.breast.2017.06.003
http://dx.doi.org/10.1093/annonc/mdz051
http://www.ncbi.nlm.nih.gov/pubmed/22019144
http://dx.doi.org/10.1007/s00066-012-0092-5
http://www.ncbi.nlm.nih.gov/pubmed/22441440
http://dx.doi.org/10.1056/NEJMoa010874
http://www.ncbi.nlm.nih.gov/pubmed/11794170
http://dx.doi.org/10.1093/jnci/94.15.1143
http://dx.doi.org/10.1093/annonc/mdr304
http://dx.doi.org/10.1158/0008-5472.CAN-05-1783


Genes 2020, 11, 1404 18 of 20

10. Tang, W.; Li, G.S.; Li, J.D.; Pan, W.Y.; Shi, Q.; Xiong, D.D.; Mo, C.H.; Zeng, J.J.; Chen, G.; Feng, Z.B.; et al.
The role of upregulated miR-375 expression in breast cancer: An in vitro and in silico study. Pathol. Res. Pract.
2020, 216, 152754. [CrossRef]

11. Zehentmayr, F.; Hauser-Kronberger, C.; Zellinger, B.; Hlubek, F.; Schuster, C.; Bodenhofer, U.; Fastner, G.;
Deutschmann, H.; Steininger, P.; Reitsamer, R.; et al. Hsa-miR-375 is a predictor of local control in early stage
breast cancer. Clin. Epigenet. 2016, 8, 28. [CrossRef] [PubMed]

12. Simonini, P.D.S.R.; Breiling, A.; Gupta, N.; Malekpour, M.; Youns, M.; Omranipour, R.; Malekpour, F.;
Volinia, S.; Croce, C.M.; Najmabadi, H.; et al. Epigenetically deregulated microRNA-375 is involved in
a positive feedback loop with estrogen receptor α in breast cancer cells. Cancer Res. 2010, 70, 9175–9184.
[CrossRef] [PubMed]

13. Chen, J.; Zhang, X.; Wang, Y.; Ye, Y.; Huang, Z.Q. Differential ability of formononetin to stimulate proliferation
of endothelial cells and breast cancer cells via a feedback loop involving MicroRNA-375, RASD1, and ER α.
Mol. Carcinog. 2018, 57, 817–830. [CrossRef]

14. Wang, Y.; Dong, X.H.; Li, Z.Z.; Wang, W.B.; Tian, J.; Chen, J. Downregulated RASD1 and upregulated miR-375
are involved in protective effects of calycosin on cerebral ischemia/reperfusion rats. J. Neurol. Sci. 2014, 339,
144–148. [CrossRef] [PubMed]

15. Munagala, R.; Aqil, F.; Vadhanam, M.V.; Gupta, R.C. MicroRNA ‘signature’ during estrogen-mediated
mammary carcinogenesis and its reversal by ellagic acid intervention. Cancer Lett. 2013, 339, 175–184.
[CrossRef] [PubMed]

16. Gao, S.F.; Jin, L.; Liu, G.P.; Wang, P.; Sun, Z.H.; Cao, Y.J.; Shi, H.L.; Liu, X.J.; Shi, Q.; Zhou, X.P.; et al.
Overexpression of RASD1 inhibits glioma cell migration/invasion and inactivates the AKT/mTOR signaling
pathway. Sci. Rep. 2017, 7, 3202. [CrossRef] [PubMed]

17. Luo, D.; Wilson, J.M.; Harvel, N.; Liu, J.; Pei, L.; Huang, S.; Hawthorn, L.; Shi, H. A systematic evaluation of
miRNA:mRNA interactions involved in the migration and invasion of breast cancer cells. J. Transl. Med.
2013, 11, 57. [CrossRef]

18. Szczyrba, J.; Nolte, E.; Wach, S.; Kremmer, E.; Stohr, R.; Hartmann, A.; Wieland, W.; Wullich, B.; Grasser, F.A.
Downregulation of Sec23A protein by miRNA-375 in prostate carcinoma. Mol. Cancer Res. 2011, 9, 791–800.
[CrossRef]

19. Zhou, X.; Marian, C.; Makambi, K.H.; Kosti, O.; Kallakury, B.V.; Loffredo, C.A.; Zheng, Y.L. MicroRNA-9 as
potential biomarker for breast cancer local recurrence and tumor estrogen receptor status. PLoS ONE 2012,
7, e39011. [CrossRef]

20. Jonsdottir, K.; Janssen, S.R.; Da Rosa, F.C.; Gudlaugsson, E.; Skaland, I.; Baak, J.P.; Janssen, E.A. Validation of
expression patterns for nine miRNAs in 204 lymph-node negative breast cancers. PLoS ONE 2012, 7, e48692.
[CrossRef]

21. Hoppe, R.; Achinger-Kawecka, J.; Winter, S.; Fritz, P.; Lo, W.Y.; Schroth, W.; Brauch, H. Increased expression
of miR-126 and miR-10a predict prolonged relapse-free time of primary oestrogen receptor-positive breast
cancer following tamoxifen treatment. Eur. J. Cancer 2013, 49, 3598–3608. [CrossRef] [PubMed]

22. Lyng, M.B.; Laenkholm, A.V.; Sokilde, R.; Gravgaard, K.H.; Litman, T.; Ditzel, H.J. Global microRNA
expression profiling of high-risk ER+ breast cancers from patients receiving adjuvant tamoxifen mono-therapy:
A DBCG study. PLoS ONE 2012, 7, e36170. [CrossRef] [PubMed]

23. Perez-Rivas, L.G.; Jerez, J.M.; Carmona, R.; de Luque, V.; Vicioso, L.; Claros, M.G.; Viguera, E.; Pajares, B.;
Sanchez, A.; Ribelles, N.; et al. A microRNA signature associated with early recurrence in breast cancer.
PLoS ONE 2014, 9, e91884. [CrossRef] [PubMed]

24. Tuomarila, M.; Luostari, K.; Soini, Y.; Kataja, V.; Kosma, V.M.; Mannermaa, A. Overexpression of
microRNA-200c predicts poor outcome in patients with PR-negative breast cancer. PLoS ONE 2014,
9, e109508. [CrossRef] [PubMed]

25. Svoboda, M.; Sana, J.; Redova, M.; Navratil, J.; Palacova, M.; Fabian, P.; Slaby, O.; Vyzula, R. MiR-34b
is associated with clinical outcome in triple-negative breast cancer patients. Diagn. Pathol. 2012, 7, 31.
[CrossRef]

http://dx.doi.org/10.1016/j.prp.2019.152754
http://dx.doi.org/10.1186/s13148-016-0198-1
http://www.ncbi.nlm.nih.gov/pubmed/26962366
http://dx.doi.org/10.1158/0008-5472.CAN-10-1318
http://www.ncbi.nlm.nih.gov/pubmed/20978187
http://dx.doi.org/10.1002/mc.22531
http://dx.doi.org/10.1016/j.jns.2014.02.002
http://www.ncbi.nlm.nih.gov/pubmed/24548484
http://dx.doi.org/10.1016/j.canlet.2013.06.012
http://www.ncbi.nlm.nih.gov/pubmed/23791885
http://dx.doi.org/10.1038/s41598-017-03612-0
http://www.ncbi.nlm.nih.gov/pubmed/28600528
http://dx.doi.org/10.1186/1479-5876-11-57
http://dx.doi.org/10.1158/1541-7786.MCR-10-0573
http://dx.doi.org/10.1371/journal.pone.0039011
http://dx.doi.org/10.1371/journal.pone.0048692
http://dx.doi.org/10.1016/j.ejca.2013.07.145
http://www.ncbi.nlm.nih.gov/pubmed/23968733
http://dx.doi.org/10.1371/journal.pone.0036170
http://www.ncbi.nlm.nih.gov/pubmed/22623953
http://dx.doi.org/10.1371/journal.pone.0091884
http://www.ncbi.nlm.nih.gov/pubmed/24632820
http://dx.doi.org/10.1371/journal.pone.0109508
http://www.ncbi.nlm.nih.gov/pubmed/25329395
http://dx.doi.org/10.1186/1746-1596-7-31


Genes 2020, 11, 1404 19 of 20

26. Huang, E.; Buchholz, T.A.; Meric, F.; Krishnamurthy, S.; Mirza, N.Q.; Ames, F.C.; Feig, B.W.; Kuerer, H.M.;
Ross, M.I.; Singletary, S.E.; et al. Classifying local disease recurrences after breast conservation therapy
based on location and histology: New primary tumors have more favorable outcomes than true local disease
recurrences. Cancer 2002, 95, 2059–2067. [CrossRef]

27. Irizarry, R.A.; Bolstad, B.M.; Collin, F.; Cope, L.M.; Hobbs, B.; Speed, T.P. Summaries of affymetrix GeneChip
probe level data. Nucleic Acids Res. 2003, 31, e15. [CrossRef]

28. Irizarry, R.A.; Hobbs, B.; Collin, F.; Beazer-Barclay, Y.D.; Antonellis, K.J.; Scherf, U.; Speed, T.P. Exploration,
normalization, and summaries of high density oligonucleotide array probe level data. Biostatistics 2003, 4,
249–264. [CrossRef]

29. Carvalho, B.S.; Irizarry, R.A. A framework for oligonucleotide microarray preprocessing. Bioinformatics 2010,
26, 2363–2367. [CrossRef]

30. Huggett, J.F.; Foy, C.A.; Benes, V.; Emslie, K.; Garson, J.A.; Haynes, R.; Hellemans, J.; Kubista, M.;
Nolan, R.D.M.T.; Pfaffl, M.W.; et al. The Digital MIQE Guidelines: Minimum Information for Publication of
Quantitative Digital PCR Experiments. Clin. Chem. 2013, 59, 892–902. [CrossRef]

31. Smyth, G.K. Linear models and empirical bayes methods for assessing differential expression in microarray
experiments. Stat. Appl. Genet. Mol. Biol. 2004, 3. [CrossRef] [PubMed]

32. Dhawan, A.; Scott, J.G.; Harris, A.L.; Buffa, F.M. Pan-cancer characterisation of microRNA across cancer
hallmarks reveals microRNA-mediated downregulation of tumour suppressors. Nat. Commun. 2018, 9, 5228.
[CrossRef]

33. Hochreiter, S.; Obermayer, K. Support vector machines for dyadic data. Neural. Comput. 2006, 18, 1472–1510.
[CrossRef] [PubMed]

34. Palma, D.A.; Olson, R.; Harrow, S.; Gaede, S.; Louie, A.V.; Haasbeek, C.; Mulroy, L.; Lock, M.; Rodrigues, G.B.;
Yaremko, B.P.; et al. Stereotactic ablative radiotherapy versus standard of care palliative treatment in patients
with oligometastatic cancers (SABR-COMET): A randomised, phase 2, open-label trial. Lancet 2019, 393,
2051–2058. [CrossRef]

35. Rubinstein, L.V.; Korn, E.L.; Freidlin, B.; Hunsberger, S.; Ivy, S.P.; Smith, M.A. Design issues of randomized
phase II trials and a proposal for phase II screening trials. J. Clin. Oncol. 2005, 23, 7199–7206. [CrossRef]
[PubMed]

36. Witkos, T.M.; Koscianska, E.; Krzyzosiak, W.J. Practical Aspects of microRNA Target Prediction. Curr. Mol. Med.
2011, 11, 93–109. [CrossRef] [PubMed]

37. Lewis, B.P.; Burge, C.B.; Bartel, D.P. Conserved seed pairing, often flanked by adenosines, indicates that
thousands of human genes are microRNA targets. Cell 2005, 120, 15–20. [CrossRef]

38. Kertesz, M.; Iovino, N.; Unnerstall, U.; Gaul, U.; Segal, E. The role of site accessibility in microRNA target
recognition. Nat. Genet. 2007, 39, 1278–1284. [CrossRef]

39. Vaidyanathan, G.; Cismowski, M.J.; Wang, G.; Vincent, T.S.; Brown, K.D.; Lanier, S.M. The Ras-related protein
AGS1/RASD1 suppresses cell growth. Oncogene 2004, 23, 5858–5863. [CrossRef]

40. Koga, T.; Iwasaki, H.; Ishiguro, M.; Matsuzaki, A.; Kikuchi, M. Losses in chromosomes 17, 19, and 22q
in neurofibromatosis type 1 and sporadic neurofibromas: A comparative genomic hybridization analysis.
Cancer Genet. Cytogenet. 2002, 136, 113–120. [CrossRef]

41. Tang, Y.J.; Huang, J.; Tsushima, H.; Ban, G.I.; Zhang, H.; Oristian, K.M.; Puviindran, V.; Williams, N.; Ding, X.;
Ou, J.; et al. Tracing Tumor Evolution in Sarcoma Reveals Clonal Origin of Advanced Metastasis. Cell Rep.
2019, 28, 2837–2850.e5. [CrossRef] [PubMed]

42. Both, J.; Wu, T.; Ten Asbroek, A.L.; Baas, F.; Hulsebos, T.J. Oncogenic Properties of Candidate Oncogenes
in Chromosome Region 17p11.2p12 in Human Osteosarcoma. Cytogenet. Genome. Res. 2016, 150, 52–59.
[CrossRef] [PubMed]

43. Wong, K.Y.; Yao, Q.; Yuan, L.Q.; Li, Z.; Ma, E.S.K.; Chim, C.S. Frequent functional activation of RAS signalling
not explained by RAS/RAF mutations in relapsed/refractory multiple myeloma. Sci. Rep. 2018, 8, 13522.
[CrossRef] [PubMed]

44. Ward, A.; Balwierz, A.; Zhang, J.D.; Kublbeck, M.; Pawitan, Y.; Hielscher, T.; Wiemann, S.; Sahin, O.
Re-expression of microRNA-375 reverses both tamoxifen resistance and accompanying EMT-like properties
in breast cancer. Oncogene 2013, 32, 1173–1182. [CrossRef]

http://dx.doi.org/10.1002/cncr.10952
http://dx.doi.org/10.1093/nar/gng015
http://dx.doi.org/10.1093/biostatistics/4.2.249
http://dx.doi.org/10.1093/bioinformatics/btq431
http://dx.doi.org/10.1373/clinchem.2013.206375
http://dx.doi.org/10.2202/1544-6115.1027
http://www.ncbi.nlm.nih.gov/pubmed/16646809
http://dx.doi.org/10.1038/s41467-018-07657-1
http://dx.doi.org/10.1162/neco.2006.18.6.1472
http://www.ncbi.nlm.nih.gov/pubmed/16764511
http://dx.doi.org/10.1016/S0140-6736(18)32487-5
http://dx.doi.org/10.1200/JCO.2005.01.149
http://www.ncbi.nlm.nih.gov/pubmed/16192604
http://dx.doi.org/10.2174/156652411794859250
http://www.ncbi.nlm.nih.gov/pubmed/21342132
http://dx.doi.org/10.1016/j.cell.2004.12.035
http://dx.doi.org/10.1038/ng2135
http://dx.doi.org/10.1038/sj.onc.1207774
http://dx.doi.org/10.1016/S0165-4608(02)00527-7
http://dx.doi.org/10.1016/j.celrep.2019.08.029
http://www.ncbi.nlm.nih.gov/pubmed/31509746
http://dx.doi.org/10.1159/000451046
http://www.ncbi.nlm.nih.gov/pubmed/27846620
http://dx.doi.org/10.1038/s41598-018-31820-9
http://www.ncbi.nlm.nih.gov/pubmed/30201956
http://dx.doi.org/10.1038/onc.2012.128


Genes 2020, 11, 1404 20 of 20

45. Tabas-Madrid, D.; Nogales-Cadenas, R.; Pascual-Montano, A. GeneCodis3: A non-redundant and modular
enrichment analysis tool for functional genomics. Nucleic Acids Res. 2012, 40, W478–W483. [CrossRef]

Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional
affiliations.

© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.1093/nar/gks402
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Methods 
	Patients 
	Experimental Design 
	Tissue Samples 
	Pilot Phase: Microarray 
	Validation Phase: Droplet Digital PCR 
	Tissue Processing 
	Droplet Digital PCR 
	Data Analysis 

	Statistics 

	Results 
	Patients 
	Pilot Phase 
	Validation Phase 

	Discussion 
	Conclusions 
	
	References

