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Background: Breast cancer clinical outcome is affected by tumor molecular features, and the identification of subtype-specific
prognostic biomarkers is relevant for breast cancer translational research. Gene expression signatures proved to be able to
complement prognostic information provided by classical clinico-pathological features. Recently, microRNAs (miRNAs) have been
causally linked to tumorigenesis and cancer progression and have been associated with patient outcome, also in breast cancer.

Methods: MicroRNAs associated with the development of distant metastasis were identified in a cohort of 92 ESRT+ /ERBB2 —
lymph node-negative breast cancers from patients not receiving adjuvant treatment. Results were confirmed and further
investigated in a total of 1246 miRNA and gene expression profiles of the Molecular Taxonomy of Breast Cancer International
Consortium data set. Moderated t-test, univariable and multivariable Cox regression models were used for statistical analyses.

Results: miR-30e* was identified as independent protective prognostic factor in lymph node-negative untreated patients with
ESR1+ /ERBB2 — tumours and retained a significant association with a good prognosis in treated patients with the same tumor
subtype as well as in the ERBB2+ subtype, but not in ESRT— /ERBB2 — tumours.

Conclusions: We highlighted a relevant and subtype-specific role in breast cancer for miR-30e* and demonstrated that adding

miRNA markers to gene signatures and clinico-pathological features can help for a better prognostication.

Breast cancer is the most common cancer in women worldwide
(Ferlay et al, 2010), with stage I-II tumours currently having on the
average a relatively high 10-year survival, but showing a high inter-
individual heterogeneity at clinical and molecular levels. An
important area of current research aims at defining biologically
personalised treatment strategies through the identification of new
predictive and prognostic biomarkers that provide guidance in
the choice of the therapeutic strategy. The development of
microarray technology has further brought to light the molecular
heterogeneity of breast cancer (Perou et al, 2000; Parker et al, 2009;
Curtis et al, 2012), prompting several groups to identify prognostic
and predictive gene expression signatures (Reis-Filho and Pusztai,
2011), some of which are currently under evaluation in phase III
prospective trials in terms of clinical utility (Sparano, 2006;

Cardoso et al, 2007). The prognostic information of such so-called
‘first generation’ gene signatures is strictly associated to the
expression of proliferation-related genes, and their prognostic
relevance is generally limited to ER +HER2 — tumours (Pusztai
et al, 2006; Desmedt et al, 2008). Several studies have instead
highlighted the prognostic role of immune-related signatures in all
subtypes and, in particular, in highly proliferating tumours
(Schmidt et al, 2008; Rody et al, 2009; Bianchini et al, 2010;
Nagalla et al, 2013). We demonstrated a subtype-dependent
prognostic role for a metagene comprising interferon (IFN)-
stimulated genes whose overexpression was significantly associated
with a worse outcome in the ER + HER2 — subtype, independently
of proliferation and immune metagenes (Callari et al, 2014).
Importantly, the prognostic and predictive relevance of gene
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expression signatures has been shown to complement rather than
replace traditional clinico-pathological parameters (Reis-Filho and
Pusztai, 2011).

A new area of biomarker research opened up with the discovery
of microRNAs (miRNAs). These small non-coding RNAs have a
key role in post-transcriptional gene regulation and are being
widely investigated in oncology (Jansson and Lund, 2012) using
multiple experimental and bioinformatic approaches (De Cecco
et al, 2013). MicroRNAs have been shown to be deregulated in
many cancer types, including breast cancer (Iorio and Croce, 2009;
Mulrane et al, 2013), and signatures associated with diagnosis,
prognosis and response to treatment have been reported
(Blenkiron et al, 2007; Janssen et al, 2010; Rothe et al, 2011;
Jung et al, 2012). Recent studies have addressed the integrated
analysis of miRNA and mRNA data, mainly to investigate their
biological role (Buffa et al, 2011; Enerly et al, 2011), as in the
comprehensive study recently reported by Dvinge et al (2013).
Gene and miRNA expression patterns separately correlate with
survival in breast cancer, which suggests that the development of
models using miRNAs and gene markers together might improve
their predictive performance. This would indicate a new concept of
data integration not only aimed at obtaining information on the
biological role of these small molecules, but also at predicting
patients’ prognosis.

In the present study, we performed a miRNA expression profile
in a cohort of 92 lymph node-negative ESRI 4+ /ERBB2 — breast
cancers from patients not receiving systemic treatment and either
developing distant metastases within 5 years from surgery or
remaining metastasis free for >5 years. Gene expression data
from a previous study were also available for all the cases
(Callari et al, 2014). MicroRNAs significantly associated with
distant metastasis-free survival (DMFS) were identified, further
investigated and confirmed on a total of 1246 breast cancer
samples from the publicly available data set from the Molecular
Taxonomy of Breast Cancer International Consortium (METAB-
RIC; Dvinge et al, 2013). A combined outcome prediction model
using gene expression, miRNA expression and clinico-pathological
features was implemented.

MATERIALS AND METHODS

Case series. A case series of 92 lymph node-negative ESRI +/
ERBB2 — breast cancers obtained at the Fondazione IRCCS
Istituto Nazionale dei Tumori (INT) was used to identify miRNAs
associated with clinical outcome. The case series included 42
patients who developed distant metastasis within 5 years of surgery
and 50 patients who were free of distant metastasis for at least
5 years, all were selected so they had a similar age and tumor size.
The same case series has been investigated at the gene expression
level, and clinico-pathological features have been already reported
(Callari et al, 2014) complying with the Remark guidelines
(McShane et al, 2005). A written informed consent signed by each
patient authorised the use of material left over from the diagnosis
for research purposes. The study was approved by the Independent
Ethics Committee and INT Review Board.

As an independent set, the publicly available collection of both
miRNA and mRNA expression profiles from 1246 clinically
annotated primary fresh-frozen breast cancer specimens generated
by the METABRIC (Curtis et al, 2012; Dvinge et al, 2013) were
used. Breast cancer samples from patients without invasive
carcinoma and without follow-up information were excluded.
Clinico-pathological information for METABRIC data included in
the present study is reported in Supplementary Table 1.

RNA extraction and miRNA microarrays hybridisation. In the
case series obtained at the INT, representative frozen samples

containing >60% of tumor cells were submitted to molecular
analyses. Tissue was pulverised using a Mikrodismembrator (Braun
Biotech International, Melsungen, Germany). Total RNA was
extracted with the Trizol reagent (Invitrogen, Carlsbad, CA, USA)
according to manufacturer instructions and processed for micro-
array hybridisation by the INT Functional Genomics Core Facility.
Briefly, 600ng of RNA was amplified using the Illumina
Human_v2 MicroRNA expression profiling kit based on the DASL
(cDNA-mediated Annealing, Selection, Extension and Ligation)
assay according to the manufacturer’s recommendations (Illumina
Inc., San Diego, CA, USA), fluorescence-labeled, and then
hybridised to the Illumina miRNA BeadChip, which allows
analysis of 1146 sequences (representing 97% of validated human
miRNAs described in miRBase database version 12.0).

The Illumina BeadArray Reader (San Diego, CA, USA) was used
for scanning the arrays, and the Illumina BeadScan (San Diego,
CA, USA) software was used for image acquisition and recovery of
primary signals.

MicroRNA profiling data analysis. Microarray raw data were
obtained using Illumina BeadStudio 3.8 software and processed
using the lumi package (Du et al, 2008) of Bioconductor
(Gentleman et al, 2004). After quality control, Robust Spline
Normalization was applied. Only probes targeting validated human
miRNAs were selected. Experimental batch effects were eliminated
by applying the Combat method to normalised expression data
(Johnson et al, 2007). Raw and processed data were deposited in
the Gene Expression Omnibus data repository (Barrett et al, 2011)
with ID GSE59829.

Subtypes definition. Three main breast cancer subtypes were
defined, as previously described (Callari et al, 2014). Briefly, the
ILMN_15142 and ILMN_28003 probes in the case series of 92 breast
cancers and ILMN_1678535 and ILMN_2352131 in the indepen-
dent METABRIC collection were considered as reporters, respec-
tively, for ESRI and ERBB2 gene expression. The threshold values to
define gene expression positivity were selected according to the
strong bimodal distribution observed. All analyses were separately
run for patients with ESRI —/ERBB2 — (roughly corresponding to
the basal-like subtype), with ESRI +/ERBB2+ (roughly corre-
sponding to the HER2+ enriched subtype), and with ESRI+
/ERBB2 — (roughly corresponding to the luminal subtype) tumours.

Statistical analysis. All statistical analyses were performed using
R, version 2.15.2 (http://www.R-project.org). The limma package
(Smyth et al, 2004) was used for class comparison analysis in INT
case series, and a two-tailed P-value <0.001 was considered
statistically significant. Receiver operating characteristic (ROC)
curve and area under the curve (AUC) were estimated using the
pROC package (Robin et al, 2011). DMFS was the main clinical
outcome considered in our case series.

Univariable and multivariable Cox proportional hazards
regressions, as implemented in the survival and cmprsk packages
(Gray, 2014), were used to correlate clinico-pathological and
biological variables with outcome in the independent METABRIC
data set. Hazard ratios (HR) and 95% confidence intervals were
reported. The statistical significance of first order interactions
between the variables taken into account and the main effects of
such variables were investigated using the likelihood ratio test
(LRT). Proportional hazard assumptions were evaluated using a
goodness-of-fit testing procedure based on Schoenfeld residuals. P-
value <0.05 was used to identify the statistically significant
associations with clinical outcome and to test first order
interactions and proportional hazard assumptions. Results were
also plotted using the cumulative incidence curve, and survival
differences were evaluated using the log-rank test. Disease-specific
survival was the main end point in the METABRIC cohort. All
observations were censored at 10 years of follow-up.
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Experiments with cell lines. The human epithelial breast cell
lines, MCF10A, were purchased from America Type Culture
Collection and was cultured in Dulbecco’s modified Eagle’s
medium (Lonza, Slough, UK) supplemented with 10% fetal bovine
serum (Lonza), 0.01mgm171 insulin, 0.02ng ,ul*1 recombinant
human epidermal growth factor (Peprotech, Rocky Hill, NJ, USA),
0.5 ugml ~ ' hydrocortisone (Stem Cell Technologies, Vancouver,
BC, Canada) and 1% penicillin/streptomycin (Lonza).

Cells were cultured at 37°C in 95% humidified air in the
presence of 5% CO, and cell vitality was assessed by Trypan Blue
exclusion assay (at least 95%) before starting experiments.

Authentication of cell lines by STR DNA profiling analysis was
performed by the Functional Genomic Unit at Fondazione IRCCS
Istituto Nazionale Tumori of Milano. For treatment with
recombinant human TGF-f1 (Peprotech), MCF10A were plated
in 24-well plate at a density of 0.07 x 10° in serum-free culture
medium. Recombinant human TGF-f1 was added at a concentra-
tion of 10ngml ™" and cells were harvested after 3 days. Total
RNA was isolated using Qiazol (Qiagen, Valencia, CA, USA)
reagent. After a clean-up treatment with RN Aeasy kit following the
manufacturer’s recommendations (Qiagen) and with RNase-free
DNase to remove contaminating genomic DNA, RNA integrity
and purity was assessed by Bioanalyzer (Agilent, Santa Clara, CA,
USA). RNA concentration was spectrophotometrically defined
with Nanodrop ND-2000C (Thermo Scientific, Waltham, MA,
USA). Total RNA was reverse-transcribed using the MicroRNA
Reverse Trascription Kit (Applied Biosystem, Foster City, CA,
USA) for miR-30e* level and High-Capacity Reverse Trascription
Kit (Applied Biosystem) for genes.

The expression level of miR-30e* was evaluated by qPCR using
the TagMan Fast Universal PCR Master Mix assay (Applied
Biosystem) and employing RNU48B as housekeeping gene.
Similarly expression levels for SNAII, VIM, ZEB1, CDHI and
CDH2 were evaluated by qPCR with TagMan Fast Universal PCR
Master Mix assay (Applied Biosystem) and using GAPDH as
housekeeping gene. Data were computed with the AACt method
(Livak and Schmittgen, 2001).

RESULTS

A workflow of the analyses performed in the study is reported in
Supplementary Figure 1. Candidate outcome-related miRNAs were
identified in our case series, confirmed and further investigated in
the METABRIC cohort, which included other molecular subtypes
and patients receiving adjuvant treatment.

Metastasis-associated miRNAs in lymph node-negative ESRI +/
ERBB2 — breast cancers. As it is well established that, in breast
cancer, molecular features associated with outcome are subtype
specific, we focused on 92 ESR +/ERBB2 — tumours to identify
outcome-related miRNAs in this subtype. The whole-genome
miRNA expression profile was obtained, and 858 probes
(corresponding to 858 validated human miRNAs) were retained
after data normalisation and filtering. Four miRNAs were
significantly expressed differentially when patients who developed
metastasis within 5 years of surgery were compared with those free
of any metastasis for more than 5 years. In particular, two miRNAs
(miR-548c-5p and miR-1308) were upregulated in patients
developing metastases and two (miR-125b and miR-30e*) were
downregulated (Figure 1A).

In order to further investigate the discrimination power of these
four miRNAs in predicting development of metastases, ROC
curves were generated (Figure 1B). It can be noted that all AUC
values were significantly >0.5. A specific cutoff was identified for
each miRNA in order to attain sensitivity and specificity superior
to 60% and 50%, respectively, as shown in Supplementary Table 2.

Confirmation in lymph node-negative patients with ESRI +/
ERBB2 — tumours. To confirm the role of the outcome-related
miRNAs found in the first cohort, 223 node-negative women with
ESRI1+/ERBB2 — tumours not receiving systemic treatment until
relapse were selected in the independent METABRIC data set, and
a univariable Cox proportional hazards model for disease-specific
survival was fitted. The prognostic role of each miRNA was
evaluated considering it as both a continuous and dichotomous
variable. In the latter case, as a consequence of the different
platforms used for miRNA profiling, the data categorisation in the
METABRIC collection was done using the percentile threshold
identified by ROC curves in the previous analysis.

Among the three miRNAs available in the METABRIC data set,
miR-548¢-5p did not have a significant effect on the rate of
occurrence of death due to breast cancer, and only a trend of an
association with survival was observed for miR-125b (Figure 2A
and Supplementary Table 3). In contrast, miR-30e* resulted
significantly associated with disease-specific survival either when
it was considered as a dichotomous (ff= —1.880, HR=0.153,
P-value=0.0019) or as a continuous variable (f= —0.767,
HR =0.464, P-value=0.0028). The estimated f-coefficients for
miR-30e* suggested a significant protective effect for the high
expression levels and a more marked association with outcome in
the former case. In our cohort, this miRNA presented a peculiar
bimodality with a local minimum roughly corresponding with the
defined cutoff. In the METABRIC cohort, by selecting lymph
node-negative untreated patients with ESRI 4+ /ERBB2 — tumours,
it retained an intensity distribution characterised by two evident
peaks and a local minimum that can be again well-approximated
by the 60th percentile, therefore supporting the investigation of the
prognostic role of miR-30e* by considering it as a dichotomous
variable (Figure 2B).

The independence between the effect of miR-30e* on disease-
specific survival and the classical clinico-pathological risk factors
was investigated, and the advantages deriving from the use of a
combined gene- and miRNA-based outcome prediction were
explored. For these aims, the prognostic contribution of miR-30e*
was assessed by multivariable analysis in the presence of both
conventional clinical variables (age at diagnosis, tumor size and
histological grade) and gene expression signatures known to be
prognostic in this subtype, including the Genomic Grade Index
(GGIL Sotiriou et al, 2006), an IFN-induced metagene and an
immune response-related metagene (Callari et al, 2014). The
combined model performed using miR-30e* as a dichotomous
variable is shown in Table 1. All first-order interactions between
the miRNA and the other variables were removed as they did not
add a significant contribution (Supplementary Table 4).

MIiR-30e* retained its statistically significant prognostic contribu-
tion regardless of both clinical variables and gene signatures,
suggesting the advantage of combining miRNA and gene markers,
other than clinico-pathological risk factors, for a better prognostica-
tion. Again, estimates suggested a statistically significant protective
effect for miR-30e* expression (HR = 0.121, P-value = 0.00471).

To further emphasise the utility and efficacy of combined
outcome prediction, the LRT was performed for main effects of
variables included in multivariable analysis (Table 1). MiR-30e*,
GGl1, immune response-related metagene and tumor size, even if
borderline, added a statistically significant contribution to the
prediction performance of the model, confirming that a combined
model could help to improve the prediction of a patients prognosis.

The multivariable Cox regression analysis was also performed
considering miR-30e* as a continuous variable (Supplementary
Table 5).

miR-30e* and outcome in treated patients with ESRI+/
ERBB2 — tumours. After confirmation of the miR-30e* prog-
nostic role in the absence of treatment, we also investigated
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Figure 1. MicroRNAs associated with development of distant metastasis in the training set. (A) Boxplots of expression pattern of the four
differentially expressed miRNAs in the training set for cases developing or not distant metastasis. (B) ROC curve analysis for the same four miRNAs;

AUC and defined cutoffs (g-value) are reported.
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Figure 2. Association with outcome in the test set. (A) Three out of four miRNAs were present in the independent data set, and the association with
disease-specific survival in lymph node-negative untreated cases with ESRT+/ERBB2— tumours (total number= 223, unfavourable events =33) is
represented by cumulative incidence curves. (B) Expression levels distribution for miR-30e* in the training set (left) and test set (right).

whether the same association was present in patients with ESRI 4/
ERBB2 — tumours receiving adjuvant endocrine therapy and/or
chemotherapy. For this purpose, 637 node-negative and
node-positive women with ESRI +/ERBB2 — tumours receiving
adjuvant treatment were selected in the METABRIC data set.

Overall, this group is likely to be clinically different from node-
negative untreated patients. Consequently, the threshold applied in
the previous analysis might not be suitable in such a group. For this
reason, univariable Cox regression analysis for disease-specific
survival was performed considering miR-30e* as continuous
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Table 1. Multivariable Cox regression analysis in lymph node-negative patients with ESR1+ /ERBB2 — tumours not receiving

systemic treatment until relapse and results of likelihood ratio test for the main effects of considered variables (total
number =207, unfavourable events =31 and missing values = 16)

Variables B HR (95% Cl) P-value P-value of LRT
hsa-miR-30e* (+, —) —2.115 0.121 (0.028-0.523) 0.00471 0.000132

Age (>50 years, <50 years) —0.369 0.692 (0.310-1.541) 0.367 0.394

Size (>2cm, <2cm) 0.772 2.163 (1.041-4.498) 0.0388 0.0534

Grade (3, 1-2) 0.066 1.068 (0.496-2.303) 0.866 0.772

T-cell metagene (+, —) —1.064 0.345 (0.148-0.804) 0.0137 0.00662

IFN metagene (+, —) —0.202 0.817 (0.387-1.726) 0.597 0.559

GGl (>0, <0) 1.372 3.943 (1.744-8.918) 0.000982 0.000556
Abbreviations: Cl = confidence interval; GGl = Genomic Grade Index; HR = hazard ratio; LRT = likelihood ratio test. P-values under the threshold for statistical significance are reported in bold.

variable. Results indicated that miR-30e* had a statistically
significant prognostic effect on disease-specific survival even in
this subgroup (HR =0.680, P-value =0.00183).

The association of miR-30e* with disease-specific survival was
further investigated in a multivariable Cox analysis including the
same covariates considered before and the lymph node status.
Results of multivariable Cox regression analysis are shown in
Table 2. miR-30e* retained its significant and favourable prognostic
role on disease-specific survival also in the presence of clinico-
pathological variables and gene signatures. However, the significant
interaction between miR-30e* and age at diagnosis (LRT = 8.562 on
1 degree of freedom, P-value=0.00343; Supplementary Table 6)
suggests that the effect of miR-30e* is different according to patient’s
age at diagnosis, with an attenuation of miRNA effect in older
patients. Also in this context, the benefit of using a combined model
with both miRNA and gene markers for prediction of patient
prognosis was confirmed (Supplementary Table 6).

miR-30e* and outcome in the other subtypes. After character-
isation of the prognostic role of miR-30e* in patients with ESRI +/
ERBB2 — tumours, we carried out an exploratory analysis in the
two remaining breast cancer subtypes to evaluate whether its
prognostic role was subtype specific. In the analysis, treated and
untreated patients were considered together due to the limited
sample size, including, however, treatment as a covariate in the
multivariable analysis. GGI was not included because it is known
to be not prognostic in these breast cancer subtypes (Desmedt et al,
2008). Finally, as the definition of a threshold would be arbitrary,
miR-30e* was investigated as a continuous variable.

By univariable Cox regression analysis in 206 women with
ESRI1 —/ERBB2 — tumours, we found no significant association
between miR-30e* and disease-specific survival (HR=0.977, P-
value=0.904). Also in the presence of conventional clinical
variables and gene signatures, miR-30e* was not significantly
associated with survival (data not shown).

Finally, univariable Cox regression analysis was performed
in 167 patients with ERBB2 4 tumours. In the subgroup, miR-30e*
showed a HR similar to that observed in treated women
with ESRI+/ERBB2 — primaries, although the protective effect
associated with higher miR-30e* expression was only marginally
significant probably due to the reduced sample size (HR =0.710,
P-value=0.127). In the multivariable analysis with clinical
variables and gene signatures shown in Table 3, miR-30e*
maintained a significant protective role. Nevertheless, the
interaction between miR-30e* and the IFN metagene, retained in
the model as it added a relevant contribution (LRT =5.641 on 1
degree of freedom, P-value=0.0176; Supplementary Table 7),
suggests that the effect of miR-30e* is opposite in cases with
high or low expression of the IFN metagene, as graphically
reported in Supplementary Figure 2 The utility of combined
outcome prediction was highlighted also in this subtype
(Supplementary Table 7).

Table 2. Multivariable Cox regression analysis in patients with
ESR1+/ERBB2 — tumours receiving adjuvant treatment

(total number =607, unfavourable events =115 and missing
values = 30)

Variables p HR (95% Cl) P-value
hsa-miR-30e* —1.289 | 0.276 (0.130-0.584) 0.000765
(continuous)

Age (>50years, —9.522 7.324E-05 (0-0.041) 0.00319

<50 years)

Size (>2cm, 0.743 2.103 (1.363-3.246) 0.000784
<2cm)

Grade (3, 1-2) 0.32 1.377 (0.910-2.084) 0.13

Lymph node 0.891 2.438 (1.572-3.780) 6.83E — 05

(+, =)

T-cell metagene 0.12 1.127 (0.758-1.675) 0.554
(+,-)

IFN metagene 0.104 1.110 (0.751-1.640) 0.602

(+, =)

GGl (>0, <0) 0.326 1.385 (0.918-2.090) 0.121
hsa-miR- 1.193 3.296 (1.498-7.251) 0.00303
30e*:age

Abbreviations: Cl=confidence interval; GGl =Genomic Grade Index; HR=hazard ratio;
LRT =likelihood ratio test. P-values under the threshold for statistical significance are
reported in bold.

Suggestions on the mechanism of action of miR-30e*. The possible
mechanism of action of miR-30e* was investigated using two distinct
approaches. In the first one, we took advantage from literature data
obtained in glioma by Jiang ef al (2012). Jiang et al (2012) suggest that
miR-30e* acts by inhibiting IkB, interfering in the negative regulation
of NFkB, and that the consequent uncontrolled activity of this
transcription factor leads to increased expression of MMP9 and
VEGFC, and supports its association with poor prognosis. To verify if
a similar mechanism was true in breast cancer too, we analysed
correlations between expression of miR-30e* and the following genes
NEKBIA (r=0.058; r = — 0.059), NFkBI (r = 0.11; r = 0.258), MMP9
(r= —0.175;r= —0.273) and VEGFC (r= — 0.118; r= — 0.008) in
our clinical data set and in the METABRIC data set, respectively
(Supplementary Figure 3). Lack of correlation between miR30-e* and
the investigated genes in the breast cancer clinical data sets definitely
suggest that miR-30e* has a different mechanism of action in this
context compared with glioma, providing an explanation for its
opposite clinical role in these two neoplasias.

In the second approach, a set of six tools, Diana_microT-CDS
(Paraskevopoulou et al, 2013), microrna.org (Betel et al, 2008),
miRDB (Wang, 2008), PITA (Kertesz et al, 2007), RNA22
(Miranda et al, 2006) and Targetscan (Lewis et al, 2005), for
predicting miRNA targets were used and a single list of 654 genes
predicted as miR-30e* targets by at least four tools was produced.
Two distinct list of genes that negatively correlated with miR-30e*
(Rho< — 0.2, Spearman) were produced using the Metabric data
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Table 3. Multivariable Cox regression analysis in untreated
and treated patients with ERBB2 + tumours (total

number = 160, unfavourable events =56 and missing
values=7)

Variables B HR (95% CI) P-value
hsa-miR-30e* —0.674 0.510 (0.288-0.903) 0.0209
(continuous)

Age (>50 years, —0.231 0.794 (0.445-1.415) 0.434
<50 years)

Size (>2cm, 0.551 1.730 (0.888-3.389) 0.107
<2cm)

Grade (3, 1-2) 0.097 1.100 (0.567-2.140) 0.775
Lymph node 1.038 2.820 (1.264-6.302) 0.0113
(+, =)

Treatment (yes, no) 0.103 1.110 (0.432-2.847) 0.83
T-cell metagene -0.37 0.691 (0.383-1.245) 0.219
(+, =)

IFN metagene —9.013 0.000122 (0-0.332) 0.0255
(+, =)

hsa-miR-30e*: IFN 1.154 3.170 (1.197-8.395) 0.0202
metagene

Abbreviations: Cl= confidence interval; GGl =Genomic Grade Index; HR=hazard ratio;
IFN = interferon. P-values under the threshold for statistical significance are reported in
bold.

set (1177 genes) and our data set (722 genes). Each group of anti-
correlated genes was compared with the putative target gene list to
identify common genes, and only genes shared between the two
lists of overlapping genes were considered. This approach yielded
11 statistically significant genes representing possible targets:
DYRK2, MTDH, MYO5A, DNAJA2, NRAS, OAS2, YTHDFI,
CEP152, SLC36A1, GBP1 and ARMCI. Interestingly, OAS2, an
IFN-stimulated gene, which was already included in our IFN
signature associated with bad prognosis in luminal breast cancer
(Callari et al, 2014) was also among shared putative targets. This
result pinpoints an interesting possibility that may be also
supported by the loss of prognostic significance (Table 1 and
Supplementary Table 6) observed for luminal tumours when the
IFN metagene was included in the model together with miR-30e*.
On the other hand, it may give an explanation for the interaction
observed between miR-30e* and the IFN metagene in patients with
ERBB2 + tumours (Supplementary Table 7). For some of the other
genes, a role in breast cancer has already been reported in the
literature as reported under ‘Discussion’ section.

Finally, to gain insight into the mechanism of miR-30e* in breast
cancer, the normal breast cell line MCF10A was treated with
recombinant human TGF-f1 to induce epithelial-mesenchymal
transition (EMT) and miR-30e* levels were measured. Recombinant
human TGF-f1 induced an about 20% downregulation of miR-30e*
expression with respect to controls (P<0.05), which reached about
40% at 6 days (P<0.0005) and was accompanied by a statistically
significant upregulation of SNAII, CDH2, VIM and ZEBI, and
downregulation of CDH1 as expected for the EMT (Figure 3) This
result suggests that at difference to what observed in glioma, lower
levels of miR-30e* are associated with a more invasive phenotype even
in normal breast cells, indirectly justifying the protective effect of miR-
30e* identified in our clinical data set and validated on public data.

DISCUSSION

Prediction of risk of recurrence is an open issue in clinical
management of early breast cancer. Much effort has been made to
develop gene-based predictors, and some have been challenged for
their clinical utility (Sparano, 2006; Cardoso et al, 2007). More
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Figure 3. In vitro experiments. (A) Relative expression of miR-30e* in
the normal epithelial cell line MCF10A after a 3-day or 6-day treatment
with 10ngml~" of recombinant human TGF-$1 with respect to
untreated controls. Bars represent the mean of three independent
biological triplicates * s.d. Statistical significance of differences
between miR-30e* in treated cells compared with controls was
evaluated by Student's t-test. *P<0.05; **P<0.005 and ***P<0.0005.
(B) Relative expression of CDH1, CDH2, VIM, SNAIT and ZEB1 in the
normal cell line MCF10A after a 3-day or é-day treatment with
10ngml~" of recombinant human TGF-f1 with respect to untreated
controls. Bars represent the mean of three independent biological
triplicates + s.d. Statistical significance of differences between gene
expression in treated cells compared with controls was evaluated by
Student’s t-test. *P<0.05; **P<0.005 and ***P<0.0005.

recently, a new class of small RNAs, miRNAs, has been suggested
to have a key role in breast cancer and to be able to give prognostic
information (Foekens et al, 2008; Rothe et al, 2011; Falkenberg
et al, 2013). Although several studies have integrated mRNA and
miRNA data, mainly to better understand the biological role of the
latter, few studies have investigated the possible advantages of an
integrated outcome prediction. Falkenberg et al (2013) demon-
strated the potential clinical impact of miR-221 regardless of
clinical covariates, but not including any prognostic gene markers
in the Cox regression model. Instead, Buffa et al (2011) identified
the prognostic miRNAs in ER-positive and ER-negative breast
cancer independently of clinical variables and key biological
processes measured as gene expression signatures. However,
they conducted the validation in independent cohorts of gene
expression profiles by investigating cognate targets rather than
identified miRNAs.

In the present study, using microarray technology, we aimed to
identify pure prognostic miRNAs in breast cancer by analysing a
homogenous case series of lymph node-negative untreated
patients. As it is well-established that markers associated with
patients’ outcome can differ at least for the main breast cancer
subgroups as defined by ER and HER?2 status (Pusztai et al, 2006),
the association of miRNAs with clinical outcome was investigated
in the subgroup of ESRI+/ERBB2— tumours. Four miRNAs
(including miR-1308) were identified as differentially expressed in
the INT case series according to the development of distant
metastasis, but miR-1308 was not among the measured miRNAs in
the METABRIC cohort. Of the three remaining miRNAs, miR-
30e* was confirmed in the independent data set, miR-548¢c-5p was
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not significantly associated with breast cancer-specific death,
whereas miR-125b expression showed a weak association with
good prognosis that, although not statistically significant, was still
consistent with results obtained in our case series. The partial
confirmation in the METABRIC data set of the results obtained in
the first collection is not surprising and could be explained, at least
in part, by the use of different platforms in the two cohorts. This is
supported by results of platform comparison studies using clinical
specimens (Callari et al, 2012).

Our findings suggest that, in general, high-expression levels of
miR-30e* in primary tumours are significantly associated with a
favourable prognosis. In node-negative untreated patients, this
protective effect on disease-specific survival was demonstrated to
be independent both of clinically relevant prognostic variables and
of gene expression signatures, which suggests that miR-30* may
identify a distinct dimension of tumor biology captured neither by
clinical variables nor by the considered gene signatures. From a
more general biological perspective, our results suggest that the
combined analysis of miRNA and gene expression data can
improve the prediction of patients’ prognosis compared with the
prediction achievable by considering only clinical variables and
gene markers.

In women receiving adjuvant treatment with ESRI 4 /ERBB2 —
tumours and in those with ERBB2 4 tumours, miR-30e* continued
to be associated with good prognosis, although significant
interactions were found with age at diagnosis and the IFN
metagene, respectively. The interaction with age is not surprising in
the context of breast cancer where menopausal status identifies two
different types of diseases with distinct aetiology and outcome.
Under such conditions, biomarkers might have slightly different
roles. In contrast, miR-30e* expression did not affect the prognosis
in patients with ESRI —/ERBB2 — tumours. Hence, the prognostic
role of this miRNA appears to be subtype specific.

A word of caution should be spent about the fact that the event
considered in the INT case series was the occurrence of distant
metastases, whereas only disease-specific death was available in the
METABRIC data set. It is well known that the main cause of death
for breast cancer is the development of metastasis at distant sites,
rather than the primary tumor (Weigelt et al, 2005), which justifies
our analyses in the second cohort. However, it should be noted that
also patients untreated after surgery were likely to have received
several treatments after relapse and before dying, and no
information is available on this aspect.

Another consideration should be made about the IFN metagene,
whose high expression in node-negative ESRI +/ERBB2 — breast
cancers from patients not receiving systemic treatment was
reported as associated with increased metastasis risk, also in the
presence of other prognostic factors (Callari et al, 2014). In the
same subgroup in the METABRIC collection, the IFN metagene
did not have a significant effect on disease-specific survival,
although it showed a HR in univariable Cox analysis (HR = 1.545,
P-value =0.217) similar to that previously observed. Such a result
could be a consequence of a different clinical outcome evaluated in
the METABRIC cohort and the likely administration of systemic
treatment after relapse and before dying to patients developing
metastasis after surgery.

From a biological point of view, only a few studies have
characterised the function of miR-30e* in cancer. Most studies
focused miRNAs from the same family, and only one study in
glioma considered the specific role of miR-30e* in a clinical context
(Jiang et al, 2012). Opposite to our findings, in such studies miR-
30e* expression predicted a poor survival. Studies on the
mechanism of action revealed a possible role of miR-30e* in
deregulation of the NFkB pathway, by targeting the inhibitory
protein IFkBo. The loss of negative regulation was associated with
upregulation of MMP9 and VEGFC linking this way the poor
prognosis observed in glioma patients with a possible increase in

invasion and neo-angiogenesis. Although data from our laboratory
support an overall activation of the NFkB pathway in luminal
breast cancer cells when stimulated by factors released by cancer-
associated fibroblasts (CAFs), no modulation of miR-30e* was
observed in the CAF-stimulated cells (manuscript in preparation)
indirectly suggesting a different mechanism in breast tumours
compared with gliomas. Indeed the putative target of miR-30e*
suggested by Jiang et al (2012), NFxBIA, and the downstream
genes NFxB1, NFkB2, MMP9 and VEGFC were also not modulated
in our breast cancer model (manuscript in preparation).
Conversely, some literature data in breast cancer support a
protective role of this miRNA, as shown in our study, but none
regards directly miR-30%, but rather other members of its family
such as miR-30 whose ectopic expression reduced tumorigenesis
(Yu et al, 2010) promoting apoptosis and interfering with self-
renewal in breast cancer-initiating cell xenografts. The involvement
of miR-30e in regulating non-attachment growth of breast cancer
and its possible role in maintenance of self-renewal capacity was
also reported by Ouzounova et al (2013). The role of miR-30e in
breast cancer was explored (along with other miRNAs) also at the
isomiR level (Wu et al, 2015) showing that in the miR-30e locus, at
difference with others loci, there was only one specific dominantly
expressed isomiR (Wu et al, 2015). Finally, in triple negative breast
cancer miR-30e, together with miR-155, miR-493 and miR-27a,
was found to be associated with response to taxanes (Gasparini
et al, 2014). Additional studies suggested a role of the miR-30
family in EMT (Joglekar et al, 2009; Braun et al, 2010) and
replicative senescence (Martinez et al, 2011), processes closely
linked to stem cell biology and tumor suppression, respectively.
This miRNA family was also found to be part of a metastatic
signature in a series of breast, bladder, colon and lung cancers
(Baffa et al, 2009).

It is, however, worth to mention that sometimes opposite
clinical roles are observed also for much more studied miRNAs, as
is the case for miR-21 in prostate cancer (Folini ef al, 2010). In this
sense our in vitro experiments with a normal breast cancer cell
lines suggesting that EMT induction is associated with a down-
regulation of miR-30e*, although not fully explaining the
mechanism of miR-30e* by identifying specific targets, do support
its protective role in clinical tumours.

The final attempt to identify targets with a bioinformatics
approach identified a list of genes worth of further studies. MTDH,
coding for metadherin, was described in breast cancer as the target
of a miRNA with oncosuppressive activity, miR-153 (Li et al, 2015).
The authors showed that ectopic expression of miR-153 inhibited
MTDH-induced EMT. Overexpression of the protein coded by
AEG]I (alias for MTDH) was reported to be associated with poor
survival in a clinical data set (Li et al, 2008). Similar data were
obtained in triple negative breast cancer by Liu et al (2015), but this
time MTDH, which was associated with lymph node metastasis and
poor survival, was reported as the target of another oncosuppressive
miRNA, miR-26a. Another study described MTDH as a gene coding
for a protein able to mediate lung homing of breast cancer cells in
experimental models (Brown and Ruoslahti, 2004). GBPI, may have
a dual role in breast cancer, either favourable due to its participation
in an NK signature associated with a longer disease-free survival
(Ascierto et al, 2012), but also to its enclosure in a signature
associated with tamoxifen resistance (Elias et al, 2015). MYO5A, an
actin-dependent molecular motor under snail control, also has a role
in cancer cell migration and metastasis (Lan et al, 2010) possibly
justifying the favourable role played by miR-30e* upregulation in
breast cancer.

In conclusion, our study identified expression of miR-30e* as a
protective prognostic marker in breast cancer, mainly in the
ESR1+/ERBB2 — subtype, and demonstrated that a combined
analysis of different molecular features can help to obtain a better
prognostication in breast cancer.
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