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RNAs and RNA binding proteins
in breast cancer subtypes
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Breast cancer is a heterogeneous disease classified into four main subtypes with different clinical
outcomes, such as patient survival, prognosis, and relapse. Current genetic tests for the differential
diagnosis of BC subtypes showed a poor reproducibility. Therefore, an early and correct diagnosis

of molecular subtypes is one of the challenges in the clinic. In the present study, we identified
differentially expressed genes, long non-coding RNAs and RNA binding proteins for each BC

subtype from a public dataset applying bioinformatics algorithms. In addition, we investigated

their interactions and we proposed interacting biomarkers as potential signature specific for each

BC subtype. We found a network of only 2 RBPs (RBM20 and PCDH20) and 2 genes (HOXB3 and
RASSF?7) for luminal A, a network of 21 RBPs and 53 genes for luminal B, a HER2-specific network

of 14 RBPs and 30 genes, and a network of 54 RBPs and 302 genes for basal BC. We validated the
signature considering their expression levels on an independent dataset evaluating their ability to
classify the different molecular subtypes with a machine learning approach. Overall, we achieved good
performances of classification with an accuracy >0.80. In addition, we found some interesting novel
prognostic biomarkers such as RASSF7 for luminal A, DCTPP1 for luminal B, DHRS11, KLC3, NAGS,
and TMEM98 for HER2, and ABHD14A and ADSSL1 for basal. The findings could provide preliminary
evidence to identify putative new prognostic biomarkers and therapeutic targets for individual breast
cancer subtypes.

Abbreviations

BC Breast cancer

IncRNAs  Long non-coding RNAs
RBPs RNA binding-proteins
TCGA The Cancer genome atlas
NS Normal samples

DEGs Differentially expressed genes

Breast cancer (BC) is one of the most common cancers around the world and was estimated the most frequent
cancer among women (25% of all new cancers recorded)'. The heterogeneity of BC reduces the specificity of
biological features (e.g., histological grade and hormone receptor status) which are usually utilized for the diag-
nosis and prognosis of BC and to address a therapy**. The classification of biological BC subtypes is based on
the use of techniques such as immunohistochemistry and gene expression profiling*.

In 2011 The St. Gallen International Breast Cancer Conference reported a molecular subtype approach to
guide the therapy of BC based on immunohistochemical markers: estrogen receptor (ER), progesterone receptor
(PR), and human epidermal growth factor receptor 2 (HER2)* In addition to the detection of these standard
biomarkers, St. Gallen in 2013 included the evaluation of a marker of cell proliferation: Ki-67°. Luminal A is
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defined by ER positive and/or PR positive and Ki-67 < 14%, and luminal B by ER positive and/or PR positive
and Ki-67 > 14%. ER negative, PR negative and Her2 positive tumors are classified as HER2 +°. Triple negative
BC (TNBC) are characterized by ER negative and PR negative and Her2 negative®.

The development of gene expression profiling with microarray demonstrated that the classification based on
gene expression profiling reflects the differences of BC subtypes at the molecular level®. The pioneer study of
Perou et al. in 2000 reported that BC could be classified into four intrinsic molecular subtypes by gene expression
profiling: luminal A, luminal B, HER2-enriched (HER2), and basal”®. Gene expression classifi-cation defines
TNBC of immunohistochemistry with term basal BC. However, previous studies reported that there is a con-
cordance of 80% between TNBC and basal BC’. Unlike the TNBC subtype, basal BC is characterized by the
expression of other proteins, such as cytokeratins 5,6 and 17'.

BC molecular subtypes can be detected by different genetic tests with a different gene signature (e.g., PAM50,
MammaPrint, and Oncotype DX). Several studies, applied to publicly available gene expression datasets, dem-
onstrated a poor reproducibility among different genetic tests. This can be explained by the differences of gene
signature in different genetic tests''2. These observations forced the research towards the discovery of new
biomarkers to be used for BC subtype characterization.

Luminal A is the most common BC subtype with a higher favorable prognosis and a slower evolution®.
Luminal B subtype is characterized by an intermediate prognosis compared with luminal A and HER2 BC
and an increased expression of genes associated with growth receptor signaling'®. HER2 BC frequently tend
to metastasize in the brain, liver and lung. In addition, the overexpression of HER2 is implicated in the cell
proliferation, blocking apoptosis and cell spreading'®. Basal BC subtype has a worse prognosis compared with
other subtypes and high cell proliferation. Non-luminal tumors form metastases into distant organs more fre-
quently than luminal tumors, but surprisingly luminal A and basal subtypes develop the regional lymph node
metastases less often'®!. The luminal A is well differentiated compared to luminal B, HER2 and basal that are
poorly differentiated'’.

Previous studies reported that the evolution from normal breast cell types to BC subtypes derives from muta-
tions or genetic rearrangements in stem cells and progenitor cells giving rise to a heterogeneous population of
cells'®.

New more accurate methods are needed to increase prognostic value and to personalize the most appropriate
treatment for patients with BC and to investigate the molecular mechanisms responsible of BC subtypes differ-
entiation. In the recent years Long Non-Coding RNAs (IncRNAs) and RNA binding-proteins (RBPs) emerged as
key regulators of post-transcriptional events, and they are dysregulated in many human solid cancers, including
BCIQ,ZO.

LncRNAs, longer than 200 nucleotides in length, belong to a large class of noncoding RNAs and are implicated
in the regulation of gene expression by different mechanisms that are not yet fully characterized?"?2. Previous
studies observed their role in several physiological and pathological events®.

Because of the poor prognosis detected in BC patients and the lack of standard therapeutic treatments that
avoid chemoresistance is needed the study of molecular profiling to better describe the BC subtypes with higher
accuracy. This would allow the understanding of the altered molecular mechanisms in a specific subtype of BC.

Recently, several studies have observed a strong association of IncRNAs with BC development, progression,
and metastasis. Basically, IncRNAs could act as promoters or inhibitors of BC cell invasion and metastasis. How-
ever, few studies reported the association between IncRNAs and molecular subtypes of BC*.

Notably, as IncRNAs could be found in human body fluids, the characterization of IncRNAs offer the oppor-
tunity to avoid the difficulties related with tissue biopsy of the currently genetic tests (e.g., OncotypeDX).

In addition, the importance of IncRNAs in the administration of anticancer treatment is encouraged by their
involvement in drug resistance in cancer. For example, in prostate cancer, numerous IncRNAs are correlated with
resistance to hormonal therapy, such as NEAT1 and PRNCR1%%.

RBPs are involved in a wide range of molecular processes including cell adhesion and response to stress.
Many RBPs bind to sequence-specific motifs or RNA secondary structures, or a combination of both to regulate
RNA metabolism and function. RBPs participate in the generation of ribonucleoprotein complexes that are
principally implicated in gene expression processes such as splicing, mRNA synthesis and degradation®”?%. In
addition, RBPs are found differentially expressed in different cancers and are able to regulate the expression of
oncogenes and tumor suppressor genes®. Therefore, the characterization of RPBs could reveal novel targets of
cancer treatment by studying the mechanisms behind RBP expression and the association between RBPs and
RNAs*. This notwithstanding, many IncRNAs and RBPs have not yet been studied in detail®'.

The main goal of the present study was to assess the interactions between differentially expressed genes,
IncRNAs and RBPs in different BC subtypes classified by PAM50 classifier. Firstly, we identified differentially
expressed genes, IncRNAs and RBPs for each BC subtype using a published dataset. Then, we studied their inter-
actions specific for each BC subtype. Finally, we validated the interactions with a machine learning approach
on an independent dataset.

Methods

Data. The study is applied on a BC dataset originated from The Cancer Genome Atlas (TCGA): TCGA-
BRCA. In particular, we used the expression levels of mRNA, IncRNA and RBP extracted from Illumina HiSeq
RNASeqV2 platform derived by 233 BC luminal A samples, 103 BC luminal B samples, 74 BC basal samples, 43
BC HER2 samples and 113 normal samples (NS). Clinical data were downloaded from TCGA and BC subtypes
were previously determined by the molecular classification of 50-genes (PAM 50 predictor)*’. We used TCGA-
Biolinks package 2.18% to download RNAseq-data of BC subtypes and to estimate differentially expressed genes
between BC subtypes and normal tissues.
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Figure 1. Workflow of the computational approach. The computational method was applied considering the
comparison of each breast cancer (BC) subtype vs normal breast tissue. Differential expressional analysis with
quantile-adjusted conditional maximum likelihood was performed on The Cancer Genome Atlas (TCGA) data
between each breast cancer subtype and normal breast tissue. The analysis identified differentially expressed
genes (DEGs), differentially long non-coding RNAs (DE IncRNAs) and differentially RNA-binding proteins (DE
RBPs). IncRNAs and RBPs were defined by LNCipedia and by study of Hentze et al. Furthermore, we evaluated
the interactions among DEGs, DE IncRNAs and DE RBPs using RNAct tool. The expression levels of interacting
DEGs, DE IncRNAs and DE RBPs specific for each BC subtype were considered as biomarkers to classify BC
subtypes with Support Vector Machine (SVM) classification, using an independent dataset of Gene Expression
Omnibus (GEO), GSE58212.

Figure 1 shows the workflow of the computational approach.

Differential expression analysis. Quantile-adjusted conditional maximum likelihood was used as sta-
tistical test to detect differentially expressed RNAs between normal breast tissue and BC*2. This analysis was
performed considering each BC subtype at time compared to normal breast tissue. Those genes with a |log2(fold
change)|>1 and adjusted p-value<0.05 were considered to have statistical significance. The p-values were
adjusted using the Benjamini-Hochberg procedure for multiple testing correction®.

We further identified significantly dysregulated RBPs based on RBP catalog of Hentze et al.”’. To identify
IncRNAs present in the RNA-seq data we consulted Ensembl Biomart 100°* and LNCipedia database version 5.2%.

Venn Diagram among RNAs in the four BC subtypes was represented using the R-package
VennDiagram 1.6.20%7.

The functional role of differentially expressed IncRNAs was investigated using Cancer IncRNA Census 2.0,

Protein-RNA interaction predictions. Protein-RNA networks were retrieved from the RNAct database®
containing predicted and experimentally validated***' protein-RNA interactions (which is based on UniProt
release 2017_10 and GENCODE release 27). Within RNAct, the binding abilities were predicted using the
catRAPID algorithm®*. A z-score is calculated based on the values for experimentally determined protein-RNA
interactions from eCLIP data from the ENCODE project and provides a score for the interaction of a protein-
RNA pair of interest (for more details®).

Survival analysis. Survival analysis was performed in October 2021 from The Human Protein Atlas
website*®. Kaplan—Meier analysis investigated the prognosis of BC patients and the differences between the sur-
vival curves were explored with the log-rank tests*®. We considered a gene/RBP to be prognostic if p-value <0.05.

Machine learning approach. We identified subtype-specific networks and we validated with a machine
learning approach their ability to classify the four BC molecular subtypes. The performances of RNA interactions
for each BC subtype were evaluated with a linear support vector machine (SVM) and random forest classifiers,
using the R-package caret 6.0.86*”. We used default parameters for linear SVM and random forest classifiers.

RNA expression levels were normalized to make their scale comparable with the caret function “preprocess’”.
We used an independent GEO dataset (GSE58212) that includes: 121 luminal A, 69 luminal B, 32 HER2, and
36 basal samples.

Results

Differentially expressed long non-coding RNAs. By comparing the four breast cancer subtypes to
their respective normal tissues, we found 3199 differentially expressed genes (DEGs) from the comparison
“Luminal A vs. NS”, 4074 from “luminal B vs. NS, 4134 from “HER2 vs. NS”, and 4181 from “basal vs. NS”. Sup-
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LumA vs normal LumB vs normal HER?2 vs normal Basal vs normal
LNC IgfC | FDR LNC IgfFC | FDR LNC IgfC | FDR LNC IgFC | FDR
HOTAIR 24 2.6E-65 | SNHG5 -1.2 24E-14 | SNHGS8 -1.2 1.5E-09 XIST -1.2 6.7E-12
HCGI11 -1.1 6.4E-19 | PVT1 1.6 1.3E-25 | XIST -1.0 9.3E-07 UCA1 4.7 2E-156
HPYR1 2.2 1.0E-53 | HCG11 -1.5 2.1E-21 | SNHG5 -1.1 5.0E-08 HCP5 1.1 1.2E-10
TSIX -1.0 9.2E-17 | HOTAIR 1.9 3.7E-36 | GAS5 -1.0 4.5E-07 MYCNOS 3.0 1.5E-72
EMX20S -1.7 3.9E-45 | HPYRI1 2.5 5.3E-56 | MYCNOS 4 34E-112 | HOTAIR 2.1 1.6E-37
MYCNOS 1.5 7.5E-29 | DLEU2 1.8 3.6E-33 | HOTAIR 2.7 4.3E-55 SNHG3 1.2 2.8E-12
MYCNOS 1.7 2.2E-29 | HCG11 -1.4 2.1E-11 MIR155HG |[1.2 1.0E-13
LOHI2CR2 |-1.0 3.0E-11 | UCAl 24 2.7E-42 PART1 1.1 1.7E-11
DLEU2 13 2.0E-22 | EMX20S -2.4 1.6E-50 | EMX20S -2.2 6.6E-25 DLEU2 1.7 1.2E-23
UCA1 1.1 1.7E-13 | LOH12CR2 |-1.0 4.8E-07 EMX20S -2.0 2.3E-29
PART1 -1.9 6.9E-35 | EGOT -1.6 2.1E-14 EGOT -2.2 1.4E-33

Table 1. Differentially expressed long non-coding (LNC) RNAs in luminal A, luminal B, HER2 and basal
breast cancer. LgGC log-fold change, FDR false discovery rate.

A B
LNC HER2 LNC Basal RBP HER2 RBP Basal

LNC Lum A LNC Lum B RBP Lum A RBP Lum B

Figure 2. Venn diagram. It identifies: (A) common differentially expressed long non-coding RNAs (IncRNAs)
and (B) RNA-binding proteins (RBPs) among breast cancer molecular subtypes.

plementary file 1 shows the list of DEGs for each subtype. We used normal breast tissue as reference, as the aim
of this study is the identification of biomarkers that could explain the molecular mechanisms that are implicated
in the differentiation of BC subtypes from normal breast tissue.

In total, we found 19 unique IncRNAs. We obtained 7 IncRNAs (HOTAIR, HCG11, HPYR]1, TSIX, EMX20S,
MYCNOS, and DLEU2) in luminal A (4 up-regulated IncRNAs and 3 down-regulated IncRNAs), 11 IncRNAs
(SNHGS5, PVT1, HCG11, HOTAIR, HPYRI1, DLEU2, MYCNOS, LOH12CR2, EMX20S, UCA1l,and PART1)
in luminal B (6 up-regulated IncRNAs and 5 down-regulated IncRNAs), 11 IncRNAs (SNHGS, XIST, SNHGS5,
GAS5, MYCNOS, HOTAIR, HCG11, UCA1, EMX20S, LOH12CR2, and EGOT) in HER2 (3 up-regulated
IncRNAs and 8 down-regulated IncRNAs), and 11 IncRNAs (XIST, UCA1, HCP5, MYCNOS, HOTAIR, SNHG3,
MIRI155HG, PART1, DLEU2, EMX20S, and EGOT) in basal (8 up-regulated IncRNAs and 3 down-regulated
IncRNAs). Table 1 shows differentially expressed long non-coding for each BC subtype.

1 IncRNA was found only in luminal A (TSIX), 1 IncRNA was found only in luminal B (PVT1), 2 IncRNAs
were found only in HER2 (SNHG8 and GAS5), and 3 IncRNAs were found only in basal (HCP5, SNHG3 and
MIRI155HG). 3 IncRNAs were found in common among 4 BC subtypes (HOTAIR, EMX20S and MYCNOS). Fig-
ure 2A shows a Venn diagram representing common IncRNAs among BC subtypes and subtype-specific IncRNAs.

Table 2 shows the functional information of IncRNAs extracted by Cancer IncRNA Census 2.0. We found
that 14 of 15 IncRNAs were previously associated with different cancer types. GAS5, PVT1, and XIST showed
a dual role as tumor suppressors and oncogenes. DLEU2 and EGOT play a role in cancer as tumor suppressors.
HCGL11, HCP5, HOTAIR, MYCNOS-01, PART1, SNHG3, SNHG5, SNHGS, and UCA1 were oncogenes in dif-
ferent caner types. To date, MIR155HG is not associated with a clear function with cancer.
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GENCODE ID Cancer function | Cancer type

DLEU2 ENSG00000231607 | T Blood; head_and_neck; liver

EGOT ENSG00000235947 | T Breast; stomach; neuroepithelial; kidney

GAS5 ENSG00000234741 | Both Breast; kidney; prostlate; pancreas; uerthelial; lung; stomach; liver; colon; cervical; ovarian; endometrial; urothelial;
esophageal; neuroepithelial; bone; skin; sarcoma

HCGI11 ENSG00000228223 | O Liver

HCP5 ENSG00000206337 | O Thyroid;bone;cervical
Cervical; ovarian; blood; colon; kidney; nasopharyngeal; lung; head_and_neck; breast; neuroepithelial; liver; stomach;

HOTAIR ENSG00000228630 | O thyroid; oral; urothelial; bone; gallbladder; esophageal; endometrial; skin; pancreas; prostate; retinoblastoma; larynx

MIR155HG ENSG00000234883 | N/A Blood

MYCNOS-01 | ENSG00000233718 | O Neuroepithelial

PART1 ENSG00000152931 | O Prostate; esophageal

PVT1 ENSG00000249859 | Both Ovarian; !)reast; colon; lung; skin; kidney; prostate; liveri neuroepithelial; urothelial; stomach; pancreas; bone; esopha-
geal; cervical; blood; thyroid; nasopharyngeal; endometrial; head_and_neck

SNHG3 ENSG00000242125 | O Colon

SNHG5 ENSG00000203875 | O Urothelial; colon; stomach

SNHG8 ENSG00000269893 | O Stomach; lung; liver

UCAL ENSG00000214049 | O Urothelial; liver; breast; lung; bone; bile_duct; stomach; 'oral; r}euroepithelial; gallbladder; kidney; cervical; prostate;
head_and_neck; pancreas; blood; esophageal; endometrial; skin; ovarian; tongue; colon

XIST ENSG00000229807 | Both Neuroepi'{helial; blgod; lung; breast; pancreas; bone; urothelial; prostate; colon; esophageal; stomach; liver; nasopharyn-
geal; ovarian; thyroid

Table 2. Functional information of IncRNAs as reported the Cancer IncRNA Census 2.0. T tumor suppressors,
O oncogenes.

DEGs DEGs Q DE- IncRNAs DEGs Q DE-RBPs
233 lumA vs 113 normal 3199 7 99
103 lumB vs 113 normal 4074 11 176
43 HER2 vs 113 normal 4134 11 155
74 Basal vs 113 normal 4181 11 179
Tot (unique) 5980 19 281

Table 3. The table shows differentially expressed genes (DEGs), differentially expressed long Non-Coding
(DE-IncRNAs) RNAs and differentially RNA binding-proteins (DE-RBPs).

Differentially expressed RNA binding-proteins. We considered 1393 RBPs curated by Hentze et al.”’
and identified significantly dysregulated RBPs based on the differential expression analysis as described above.

Among the 3199 differentially expressed genes in luminal A, there were 99 out of 1393 RBPs, among the 4074
DEGs in luminal B there were 176 RBPs. 155 RBPs out of 4134 DEGs were found in HER2 and among the 4181
DEGs there were 179 RBPs. Table 3 summarizes the results of differential expression analyses considering long
non-coding RNAs and RNA-binding proteins compared to normal tissues.

4 RBPs (NUDT16L1, RBM20, PCDH20, and PCBP3) were found only in luminal A, 29 RBPs were found only
in luminal B, 23 RBPs were found only in HER2, and 62 RBPs were found only in basal (Fig. 2B). Supplementary
file 2 shows the list of RBPs for each subtype.

Interactions of RNA-binding proteins.  Overall, from the differential expression analysis we found 5980
unique genes for all subtypes, 19 unique IncRNAs, and 281 unique RBPs.

We obtained interaction predictions for the 5980 RNAs and 281 RBPs from the RNAct protein-RNA interac-
tion database. Interaction predictions are prioritized by a normalized score (z-score). The distribution of z-scores
in our data is shown in the Supplementary Fig. 3. We selected the protein-RNA interactions that obtained a
z-score > 2 since this should provide a good balance between sensitivity and specificity. We obtained a network
of 2585 nodes (241 RBPs, 7 IncRNAs, and 2337 RNAs), altered in at least one BC subtype, with 45,727 interac-
tions. Supplementary file 4 shows these interactions.

We selected direct interactions involving only differentially expressed RBPs and genes present in a single
subtype, namely, we considered the subtype-specific interactions. For luminal A we found a network consisted of
2 RBPs (RBM20 and PCDH20) and 2 genes (HOXB3 and RASSF7). The specific network for luminal B includes
21 RBPs and 53 DEGs. The specific network for HER2 includes 14 RBPs and 30 DEGs. The specific network for
basal includes 54 RBPs and 302 DEGs. However, we did not find IncRNAs specific for a BC subtype interacting
with the RBPs and DEGs specific for the same BC subtype.

From the subtype-specific interactions we evaluated the number of RNA targets for each RBP and the number
of RBP for each RNA (Fig. 3).
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Figure 3. The boxplots show the number of RNAs or RNA-binding proteins (RBPs) that there are per protein
or RNA, considering direct interactions involving only differentially expressed RBPs and genes present in a
single breast cancer subtype (¢-test, * p-value <0.05, ** p-value <0.01, *** p-value <0.001).

We found that dysregulated RNAs in luminal A have a lower number of differentially expressed RBPs than
dysregulated RNAs in luminal B, HER2 and basal BC (p-value <0.001). We can explain these results indicating
that the abnormal expression of RBPs increase with the worsening of the prognosis. In addition, the number
of altered RNAs regulated by each altered RBP is directly proportional to the aggressiveness of the BC subtype,
suggesting RBP as potential biomarkers responsible of BC subtypes differentiation.

We analyzed the prognostic role of subtype-specific RBPs and genes (Table 4). We found that 43% of specific
RBPs for luminal B, 57% of specific RBPs for HER2, and 46% of specific RBPs for basal can differentiate BC
patients with good and poor prognosis. 50% of specific genes for luminal A, 51% of specific genes for luminal B,
40% of specific genes for HER2, and 40% of specific genes for basal may influence BC patient survival.

We found a lower p-value (p-value=0.00001) for DCTPP1 and NFKBIE.

Validation of protein-RNA interactions for each BC subtype. We validated subtype-specific inter-
actions on an independent dataset from the NCBI Gene Expression Omnibus (GEO), GSE58212. We used the
expression levels of interacting biomarkers for the classification, namely the expression levels of 2 RBPs (RBM20
and PCDH20) and 2 genes (HOXB3 and RASSF7) that we obtained for luminal A, the 21 RBPs and 53 DEGs
obtained for luminal B, the 14 RBPs and 30 DEGs for HER2, and 54 RBPs and 302 DEGs obtained for basal.

Using BC subtype-specific interactions we trained (75% of the original dataset) and tested (25% of the origi-
nal dataset) a classifier with a linear support vector machine (SVM) and random forest models obtaining good
performances (Table 5). We achieved the best accuracy from the comparison HER2 vs other subtypes (accu-
racy=0.96) and basal vs other subtypes (accuracy=0.96) using SVM classifier. Good performances were achieved
with both classifiers for luminal A vs other subtypes and basal vs other subtypes. Low sensitivity was obtained
in luminal B vs other subtypes and HER2 vs other subtypes with random forest classification.

Discussion

In this study, we examined the DEGs, differentially expressed IncRNAs and differentially expressed RBPs and
their interactions in different BC subtypes. Firstly, we analyzed differentially expressed genes from the compari-
son luminal A vs normal samples, luminal B vs normal samples, HER2 vs normal samples, and basal vs normal
samples. We obtained 3199 DEGs in luminal A, 4074 DEGs in luminal B, 4134 DEGs in HER2, and 4181 DEGs
in basal.

Then, we focused on subtype-specific IncRNAs and we found 1 luminal A-specific IncRNA (TSIX), 1 luminal
B-specific IncRNA (PVT1), 2 HER2-specific IncRNAs (SNHG8 and GAS5) and 3 basal-specific IncRNAs (HCP5,
SNHG3 and MIR155HG), as reported in Fig. 2A.

TSIX mediates the X chromosome inactivation acting as a XIST repressor. Indeed, a strong inverse correlation
between XIST and TSIX was demonstrated: a down-regulation of TSIX leads to an up-regulation of XIST that
causes the inactivation of the X chromosome®. A previous study demonstrated that TSIX together with other
IncRNAs such as OIP5-AS1, TUGI1, NEAT1, MALAT]I, and XIST were able to synergistically regulate cancer
genes and pathways across different cancer types*. In addition, TSIX was differentially expressed in lung cancer™.

A previous study reported that PVT1 was up-regulated in BC tissues when compared with the normal tis-
sues and its silencing repressed tumor growth®. PVT1 is associated with other types of cancers such as lung and
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Prognostic RBP

Prognostic gene

Luminal A

RASSF7 (p-value=0.01)

Luminal B

CSE1L (p-value=0.04)
HOOKT1 (p-value=0.009)
KIF1C (p-value=0.03)
LSM1 (p-value=0.01)
MRPS23 (p-value=0.003)
MTDH (p-value=0.001)
UTP18 (p-value=0.01)
YBX2 (p-value=0.01)
ZFP36L1 (p-value=0.01)

ABHDI2 (p-value =0.00003)
ANAPCI1 (p-value =0.009)
ASIP (p-value=0.04)
CCDC107 (p-value=0.003)
CLYBL (p-value=0.01)
COMMDS3 (p-value=0.03)
COMMDS (p-value=0.02)
CYCI (p-value=0.03)
DCTPP1 (p-value=0.00001)
DUSP22 (p-value =0.007)
EPB41L4B (p-value=0.0001)
ETS1 (p-value=0.01)

FDXR (p-value=0.02)
GRINA (p-value=0.002)
HYI (p-value =0.0009)
IL1R1 (p-value=0.006)
ITM2C (p-value=0.002)
JDP2 (p-value=0.03)

LBH (p-value=0.02)
LYPLAI (p-value=0.02)
OLFM2 (p-value=0.01)
PHF20L1 (p-value=0.009)
PLEKHF1 (p-value=0.05)
SDC3 (p-value=0.001)
SYNGR2 (p-value=0.02)
TSEN54 (p-value=0.03)
UBE2L6 (p-value =0.0006)

HER2

ALDH18A1 (p-value=0.006)
CXorf57 (p-value=0.03)
HSPD1 (p-value=0.02)
PRDX1 (p-value=0.01)
RPL22 (p-value=0.003)
RPL26 (p-value=0.02)

SBDS (p-value=0.0001)
SPATS2 (p-value=0.02)

ARRDCI (p-value=0.03)
CHPT1 (p-value=0.001)
CITED4 (p-value=0.005)
DHRS11 (p-value=0.002)
FBXO2 (p-value=0.02)
KLC3 (p-value=0.04)
NAGS (p-value=0.001)
PKIG (p-value=0.03)
PPP4R4 (p-value =0.002)
RAB40B (p-value=0.02)
SMARCD3 (p-value=0.01)
TMEM98 (p-value=0.01)

Basal

BTF3 (p-value=0.003)
BYSL (p-value=0.006)
CCT6A (p-value=0.0004)
COROI1A (p-value=0.004)
CPEBS3 (p-value=0.04)
DKC1 (p-value=0.009)
EIF4B (p-value=0.01)
ENOL1 (p-value=0.006)
EPRS (p-value=0.0007)
FASN (p-value=0.03)
GTPBP4 (p-value=0.002)
HDAC2 (p-value =0.0007)
ILF2 (p-value=0.002)
IQCG (p-value=0.01)
LARP4B (p-value=0.003)
MAGOH (p-value=0.0001)
MAGOHB (p-value=0.01)
MRPLI5 (p-value =0.005)
NDRG1 (p-value=0.007)
NPM3 (p-value=0.03)
NSA2 (p-value=0.004)
RPS14 (p-value =0.005)
SNRPD1 (p-value=0.01)
UCHLS5 (p-value=0.03)
YARS (p-value=0.04)

ABCD4 (p-value=0.03)
ABHDI14A (p-value=0.004)
ACOT1 (p-value=0.004)
ACOT2 (p-value=0.004)
ACSF2 (p-value=0.01)
ADRA2C (p-value=0.01)
ADSSLI (p-value=0.02)
APBB2 (p-value=0.04)
ASNS (p-value=0.03)
C2CD4D (p-value=0.008)
CAMK2B (p-value=0.001)
CAPG (p-value=0.02)
CCDC103 (p-value =0.009)
CCDC28B (p-value =0.0002)
CCNGI (p-value=0.02)
CD6 (p-value=0.0002)
CD7 (p-value=0.003)
CD72 (p-value=0.01)
CD8B (p-value=0.001)
CDC123 (p-value=0.005)
CGREF1I (p-value=0.01)
CKS1B (p-value=0.01)
COQI0A (p-value=0.04)
COTLI (p-value=0.02)
CRADD (p-value=0.01)
CROT (p-value=0.02)
CTDSP1 (p-value=0.02)
CTSF (p-value=0.01)
DOKS3 (p-value=0.02)
EMID1 (p-value=0.02)
EPHX1 (p-value=0.02)
FAMI17A (p-value =0.00005)
FAMI172A (p-value=0.01)
FAMI189B (p-value=0.01)
FAM24B (p-value=0.04)
FAM26F (p-value=0.01)
FOXQ1 (p-value=0.002)
FRAT1 (p-value=0.01)
FSTL3 (p-value =0.009)
FXYD?7 (p-value=0.001)
GHDC (p-value=0.02)
GJB3 (p-value=0.001)
GJCl1 (p-value=0.01)
GNB4 (p-value=0.02)
GNMT (p-value=0.01)
GPX4 (p-value=0.008)
GRP (p-value=0.03)

GSC (p-value=0.02)
GSTM3 (p-value=0.02)
HHEX (p-value=0.0008)
HLA-B (p-value=0.02)
HLA-DQBI (p-value=0.008)
HLA-DRBI1 (p-value=0.003)
HLA-F (p-value=0.003)
HLA-G (p-value=0.01)
HSD17B8 (p-value=0.001)
HTATIP2 (p-value=0.008)
HYOUT1 (p-value=0.03)
ICAMI (p-value=0.0007)
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Prognostic RBP Prognostic gene

IFITM2 (p-value=0.02)
IL12RB1 (p-value=0.007)
IL2RG (p-value=0.003)
1L32 (p-value=0.02)
IRAK1 (p-value=0.004)
1SG20 (p-value=0.002)
KRTCAP3 (p-value=0.00002)
LCK (p-value =0.006)
LRRC14B (p-value =0.0007)
LYPD5 (p-value=0.004)
MAP4K1 (p-value=0.002)
MDFI (p-value =0.009)
MORNI (p-value=0.001)
MTHEFDIL (p-value=0.03)
NDUEFB? (p-value=0.01)
NEKBIE (p-value =0.00001)
NFKBIZ (p-value=0.02)
OPN3 (p-value=0.02)
PCDHB?2 (p-value =0.002)
PDK3 (p-value=0.005)
PEX11G (p-value=0.02)
PGPEP1 (p-value=0.009)
PHF7 (p-value =0.00007)
PLA2G7 (p-value=0.003)
PSMBS (p-value=0.0005)
PSMG1 (p-value=0.01)
PTS (p-value=0.02)
PUSLI (p-value=0.02)
PVR (p-value=0.002)
PXMP4 (p-value=0.03)
QPCT (p-value=0.006)
RBM43 (p-value=0.03)
RBP1 (p-value=0.009)
REEPS5 (p-value=0.003)
RELB (p-value=0.0001)
RHOB (p-value =0.009)
RNF212 (p-value=0.02)
RNFS8 (p-value=0.01)
RPS6KAS5 (p-value=0.03)
S100A3 (p-value=0.03)
SAP30L (p-value=0.003)
SETD7 (p-value=0.0008)
SH2B2 (p-value=0.02)
SHC2 (p-value=0.02)
SKP2 (p-value=0.02)
SLC26A1 (p-value=0.02)
SMOX (p-value=0.01)
SPIB (p-value =0.0004)
SPOCK?2 (p-value=0.0004)
SSBP2 (p-value=0.04)
ST8SIAG (p-value=0.004)
SULT1A1 (p-value=0.02)
SUV39H2 (p-value =0.005)
TAPBP (p-value =0.0002)
TARBP1 (p-value=0.003)
THRA (p-value=0.02)
TMEM135 (p-value=0.01)
TMEM25 (p-value=0.01)
TMEMS52 (p-value =0.04)
TOMMS (p-value=0.01)
TOPIMT (p-value =0.005)
TPSABI (p-value=0.02)
TRIM47 (p-value =0.00006)
TSC22D3 (p-value=0.03)
TSKU (p-value=0.01)
TSPAN33 (p-value=0.04)
TTC36 (p-value=0.001)
UPK3A (p-value=0.01)
ZDHHC23 (p-value=0.002)
ZFYVE21 (p-value=0.01)
ZNF582 (p-value=0.001)

Table 4. List of potential prognostic subtype specific RBPs/genes as obtained from The Human Protein Atlas.
P-value is indicated as obtained from the log-rank test.

ovarian cancer and is correlated with the survival of patients®?. Furthermore, PVT1 regulates several cancers
processes and pathways such ad cell-cell adhesion and TGF-f signaling pathway. A previous study reported
that PVT1 was co-expressed with another gene in the TGF-p signaling pathway. Indeed, PVT1 can regulate the
protein stability of the MYC oncogenic protein®.

In our study, 2 HER2-specific IncRNAs (SNHG8 and GAS5) were found. SNHG8 was overexpressed in dif-
ferent types of cancer, suggesting its role in the progression of these tumors. The silencing of SNHGS inhibits
the proliferation and invasion of BC cells, MCF-7 and ZR-75-30%*. A recent study showed a possible molecular
mechanism of action of SNHGS: it is a sponge for miR-656-3p and modulates SATB1 expression. SATBI1 is
associated with cancer cell proliferation, migration, and invasion®>.

GAS?5 is a strong candidate as prognostic biomarker since it was identified significantly downregulated in
BC and correlated with poor prognosis. In addition, GAS5 is also a potential drug target since it is implicated in
resistance to multiple drugs in BC such as tamoxifen and lapatinib®.

3 basal-specific IncRNAs (HCP5, SNHG3 and MIR155HG) were found. HCP5 was positively associated with
the expression of immune checkpoints since it is mainly found expressed in immune system cells. In addition,
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LumA vs LumB vs HER2 vs Basal vs

lumB,HER2,basal lumA,HER2,basal lumA,lumB,basal lumA,lumB,HER2

SVM RF SVM RF SVM RF SVM RF
Sensitivity 0.86 0.93 0.64 0.35 0.87 0.12 0.77 0.78
Specificity 0.91 0.94 0.91 0.96 0.98 1 1 1
Accuracy 0.89 0.94 0.84 0.80 0.96 0.89 0.96 0.97

Table 5. Performance of classification Support Vector Machine (SVM) and Random Forest (RF) using
subtype-specific interactions (sensitivity, specificity and accuracy).

HCP5 promotes tumor growth in vivo and in vitro as well as apoptosis and proliferation®”. A recent study sug-
gested that HCP5 could be a promising drug target in triple negative BC®.

The oncogene SNHG3 was up-regulated in BC cells and is associated with the growth of cell proliferation
regulating tRNA processing and signal transduction. A recent study suggested that the down-regulation of
SNHG3 might act as a possible therapeutic strategy for BC. In addition, it was demonstrated an inverse cor-
relation between SNGH3 and miR-154-5p: increase of SNHG3 inhibits miR-154-5p and upregulates BC cell
proliferation®”.

Few is known about the role of MIR155HG in BC. MIR155HG is a precursor of miR-155-5p and was identi-
fied as a direct target of FOX3%. A recent study proposed the study of the expression MIR155HG together with
FANCI and C-MYC as potential diagnostic test and drug targets in gynaecological malignancies®.

Then, in our study we focused on subtype-specific RBPs. 4 RBPs were found only in luminal A, 29 RBPs were
found only in luminal B, 23 RBPs were found only in HER2, and 62 RBPs were found only in basal (Fig. 2B).

We found NUDT16L1, RBM20, PCDH20, and PCBP3 as luminal A-specific RBPs.

NUDT16LI, also called SDOS and TIRR, is a novel RBP that regulates several transcripts encoding for
centrosomal proteins and has a key role controlling cilia formation. Cilia are organelles present on eukaryotic
cells that plays a role in cell progression. However, for a long time NUDT16L1 has been little studied and novel
uncharacterized associations with cancer must be studied®'.

RBM20 plays a role in the familial cardiomyopathy acting on titin and tropomyosin, two proteins involved
in the biomechanics of the striated muscle. It is also associated with fasting glucose regulating insulin damage
in cardiac tissues. However, its role in cancer has not yet been demonstrated®.

PCDH20, member of subfamily of the cadherin family, is down-regulated in non-small cell lung cancer®,
nasopharyngeal carcinoma®, and hepatocellular carcinoma®. The prognostic role of PCDH20 was reported
in a recent study: patients with high PCDH20 expression showed a better overall survival than those with low
PCDH20 expression in hepatocellular carcinoma®. The tumor-suppressor gene PCDH20 through the Wnt/pB-
catenin signaling pathway acts inhibiting cell proliferation and cell migration’.

PCBP3 was associated with favorable prognosis in pancreatic cancer. However, no previous study investigated
the molecular mechanism of PCBP3 in carcinogenesis®.

Among 29 luminal B-specific RBPs we focused on GSTP1 and RRS1 because previous studies reported an
interesting association with BC.

GSTP1 is involved in the drug resistance of tumor cells, including BC. A recent study showed that high
expression of GSTPI can activate the NF-«B signaling pathway in tumor associated macrophages (TAMs) and
regulates the expression of IL-6%.

RRS1 is a crucial nuclear protein implicated in ribosome biogenesis. It was overexpressed in several human
cancers including BC. In addition, elevated RRS1 expression levels were correlated with lymph node metastasis
and unfavorable clinical outcome. Some evidence also provided new molecular mechanisms of RRS1 in the
proliferation of BC through RPL11/MDM2/p53 pathway”’.

Among 23 HER2-specific RBPs we identified ALDH18A1 and LASP1 as potential BC biomarkers as they were
associated with BC in previous studies. ALDH18A1 is an enzyme implicated in the conversion of glutamine to
proline through glutamate. Its over-expression increases proline levels and decreases cell survival in BC as well
as reduces reactive oxygen species. ALDH18AL1 is also associated with an oncogene, MYC able to regulate cell
metabolism and key genes implicated in cancer’""%.

LASP1 is a well-known protein that interacts with many proteins regulating tumor cell migration and inva-
sion. A previous study showed that LASP1 binds to Ago2 that plays a key role in BC cell motility in response to
CXCR4 activity”.

Among 62 basal-specific RBPs we found as interesting biomarkers: SERPINH1 and DKCI.

SERPINH]I plays a key role for the correct folding and secretion of different types of collagen and has previ-
ously been associated to cancer progression. Its overexpression is correlated with angiogenesis, migration, and
invasion’. A previous study demonstrated that SERPINHI1 is regulated by miR-148a-5p, a miRNA predictive
of unfavorable prognosis”.

DKCl1 is associated with a poor prognosis in BC. Indeed, patients with a higher expression of DKC1 metas-
tasize more frequently to lymph node than patients with lower DKCI expression levels. The role of DKCI1 in
cancer prognosis could be explained by the role of DKC1 in regulating mRNA translation’.

Furthermore, in the present study we selected direct interactions involving subtype-specific differentially
expressed RBPs and DEGs. Although previous studies demonstrated that numerous IncRNAs are deregulated
in different cancer types and RBPs could play a role to the deregulation of IncRNAs*>7’. in our study we did not
find interactions involving differentially expressed IncRNAs and RBPs specific for each subtype. Indeed, the

Scientific Reports |

(2022) 12:693 | https://doi.org/10.1038/s41598-021-04664-z nature portfolio



www.nature.com/scientificreports/

final signature for each subtype is composed of only subtype-specific interacting genes and RBPs. This result
can derive by some limitations of our study, such as: (i) IncRNA profiles based on TCGA data, which contain
cancer cells and stromal cells could influence the results obtained by differential expression analysis, (ii) the low
characterization of IncRNAs in the TCGA data. The characterization of IncRNAs could be more accurate with
the new knowledge of data in the future.

However, in our study we found interesting networks consisted of subtype-specific interacting genes and
RBPs: a network of only 2 RBPs (RBM20 and PCDH20) and 2 genes (HOXB3 and RASSF7) for luminal A, a
network of 21 RBPs and 53 DEGs for luminal B, a HER2-specific network of 14 RBPs and 30 DEGs, and a network
of 54 RBPs and 302 DEGs for basal BC. From these networks we investigated the number of RNA targets for each
RBP and the number of RBP for each RNA. We found that the number of RBPs per RNA and the number of RNAs
per RBP increases with the aggressiveness of the BC molecular subtype. This finding could indicate the key role
of the interactions between differentially expressed RBPs and DEGs in the progression of BC. Indeed, luminal
A, the less aggressive BC subtype showed a lower number of RNA targets for each RBP and of RBP targets for
each RNA. To our knowledge this is the first study that obtained a similar association. Encouraged by the results
obtained that demonstrated the specific RBP-RNA interactions for each subtype we validated subtype-specific
networks using a machine learning approach on an independent BC dataset from GEO. Overall, we obtained
good performances of classification with an accuracy > 0.80 (Table 5). We achieved the best performances from
the classification HER2 vs other subtypes (accuracy=0.96) and basal vs other subtypes (accuracy=0.96). Overall,
given the good results of the classifier we propose the study of these BC subtype-specific interacting biomarkers
as potential candidates for differential diagnosis of BC.

Among biomarkers, we found novel RBPs and genes that the survival analysis showed to have a prognostic
role.

The low expression of RASSF7, a specific gene of luminal A, plays a prognostic role in BC as it is associated
with a poor prognosis. To date, there is not a clear association of RASSF7 with BC.

The survival analysis in this study found that high expression of a specific gene of luminal B, DCTPP1, in a
group of 609 BC patients is associated with a poor prognosis respect to 466 BC patients with a low expression.
Although previous studies showed its role in DNA damage and genetic instability further studies are needed to
investigate its potential therapeutic in BC".

We found that DHRS11, KLC3, NAGS, and TMEM?98, specific genes for HER2, are associated with a poor
prognosis in BC patients. DHRSI11 is implicated in the pathway of cytochrome P450, KLC3 in RHO GTPases
activate KTN1M, NAGS in the urea cycle, and TMEM98 in oligodendrocyte differentiation”. However, to date
there is not a clear association of these genes with BC.

We obtained ABHD14A and ADSSLI as potential candidate prognostic biomarkers for basal BC. ABHD14A
is associated with metabolic disorders of biological oxidation enzymes, and ADSSL1 with Purine ribonucleoside
monophosphate biosynthesis®.

Although we propose several potential prognostic biomarkers for BC subtypes our study presents some limits.
We selected in silico the biomarkers and validated them with a machine learning approach using an independ-
ent GEO dataset, and survival analysis. Molecular validation of these biomarkers will be performed in the near
future as further studies are needed for translating them to clinical practice.

Conclusions

In this study, we firstly examined BC subtype-specific DEGs, differentially expressed LNCs and RBPs using
BC-TCGA dataset. Then, we investigated the regulatory interactions between RBPs and their target genes in
BC subtypes. We found different networks specific for each BC subtype: a network of 2 RBPs (RBM20 and
PCDH20) and 2 genes (HOXB3 and RASSE7?) for luminal A, a network of 21 RBPs and 53 DEGs for luminal
B, a HER2-specific network of 14 RBPs and 30 DEGs, and a network of 54 RBPs and 302 DEGs for basal BC.
Opverall, the analysis sheds light on the role of RBPs in regulating different BC subtypes and we provided a data
exploration analysis to aid future experimental studies. In addition, the analyses in this study suggested some
novel prognostic BC biomarkers: RASSF7 for luminal A, DCTPP1 for luminal B, DHRS11, KLC3, NAGS, and
TMEMO98 for HER2, and ABHD14A and ADSSL1 for basal.

Data availability
The datasets analysed during the current study are available from TCGA portal and GSE58212. This data can
be found here: https://portal.gdc.cancer.gov/; https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE58212.
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